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ABSTRACT 
Honey bee colonies are an essential factor in American agriculture and of overall 
ecosystem health.  The winter of 2006 marked an observation of large scale losses of managed 
honey bee colonies (vanEngelsdorp et al, 2009).  Since then, there has been an average loss of 
30% of colonies in beekeeping operations across the United States over the winter months 
(vanEngelsdorp et al, 2012).  Total honey bee populations have increased in the past 5 years, but 
there are still many concerns for honey bee health decline.  Researchers have not yet found a 
specific cause of the decline, but four different factors have been proposed as contributors to the 
decline.  These factors include pesticides, parasites and diseases, management practices, and 
nutritional factors.  In order to help the mission to combat colony losses, I employ new methods 
to consider the environmental causes of honey bee disease.  This thesis analyzes the spatial 
correlation between colony locations, changes in cropping patterns, and identified morbidity 
measures.  Utilizing USDA APHIS honey bee morbidity data, National Agricultural Statistic 
Service (NASS) cropland data, and NASA HoneyBeeNet forage data; I consider the effect of key 
nectar sources in a 2-mile radius around 836 honey bee apiaries sampled in 2011/2012 for 
various diseases associated with lower productivity and higher mortality rates. This thesis 
employs a multivariate regression analysis that focuses specifically on the suspected correlations 
between natural areas and disease load, as well as agricultural field crops and disease load.  The 
conclusions of this analysis show that  natural areas do not seem to have a strong or significant 
impact on honey bee morbidity factors.  In my analysis, I observe that agricultural land does not 
have a consistent negative impact on disease load, except for a possible correlation between  the 
acres of soybeans with Varroa mite loads and the Deformed Wing Virus.  One interesting 
conclusion of this thesis is that the magnitudes of the correlations are much higher for the 
interaction of diseases than they are for the magnitudes of the correlations between morbidity 
factors and environmental factors.  Through a spatial regression analysis I find evidence 
suggesting that disease outcomes in colony observations may be correlated with the disease 
outcomes of their neighboring colonies.  
  
iii 
 
ACKNOWLEDGMENTS 
I would especially like to thank my adviser, Kathy Baylis, for guiding me through this 
entire process.  I would have not been able to complete this thesis without her continued help and 
support.  I would also like to thank Dennis vanEngelsdorp for being on my committee and for his 
knowledge of honey bees and the field of entomology.  I would also like to thank Amy Ando for 
agreeing to be on my committee, as well as providing additional support and suggestions for 
improving the models and methods of this analysis. 
I would like to thank the entire BeeInformed Partnership team for support in data 
collection, analysis, and funding of the research; especially Karen Rennich and Jennie Stitzinger 
with their help on the NHBDS, and Jai Holt for her help with everything else.   I would also like 
to thank the faculty, staff, and graduate students of the ACE department for technical, 
administrative, and moral support.  I would also like to thank my friends, family, and fiancé 
Kevin Dommer, for their emotional support and guidance that kept me going at the end of every 
day.       
  
iv 
 
TABLE OF CONTENTS 
Chapter 1: Introduction ................................................................................................................... 1 
1.1 Motivation ......................................................................................................................... 1 
1.2 Research Question and Hypothesis ................................................................................... 3 
1.3 Methods and Contributions ............................................................................................... 3 
Chapter 2: Background ................................................................................................................... 6 
2.1 Introduction ....................................................................................................................... 6 
2.2 Structure of the Honey Bee Colony ................................................................................... 6 
2.3 Importance of the Honey Bee Colony ............................................................................... 7 
2.4 Environmental Externalities .............................................................................................. 9 
2.5 The Valuation of Pollination Services ............................................................................. 11 
2.6 Colony Collapse Disorder ............................................................................................... 12 
Chapter 3: Review of Literature ................................................................................................... 13 
3.1 Introduction ..................................................................................................................... 13 
3.2 Trends in Mortality .......................................................................................................... 13 
3.3 Trends in Morbidity ......................................................................................................... 15 
3.4 Causes of Colony Loss .................................................................................................... 18 
Chapter 4: Methods ....................................................................................................................... 27 
4.1 Introduction ..................................................................................................................... 27 
4.2 Epidemiology/ Environmental Health literature .............................................................. 27 
4.3 Buffer zones ..................................................................................................................... 28 
4.4 Explanation of Variables ................................................................................................. 30 
4.5 Regression Methods ........................................................................................................ 34 
Chapter 5: Data Description.......................................................................................................... 35 
5.1 Introduction ..................................................................................................................... 35 
5.2 National Survey of Honey Bee Pests and Disease: Morbidity ........................................ 35 
5.3 National Survey of Honey Bee Pests and Diseases: Pesticides ....................................... 44 
5.4 NASS CropScape ............................................................................................................ 47 
5.5 HoneyBeeNet................................................................................................................... 53 
5.6 Regression Variable Description ..................................................................................... 56 
Chapter 6: Results ......................................................................................................................... 58 
v 
 
6.1 Introduction ..................................................................................................................... 58 
6.2 Regression results: ........................................................................................................... 59 
6.3 Spatial Analysis ............................................................................................................... 70 
Chapter 7: Conclusions ................................................................................................................. 74 
7.1 Limitations and Future Research ..................................................................................... 75 
References ..................................................................................................................................... 77 
 
  
1 
 
Chapter 1: Introduction 
1.1 Motivation 
Honey bee colonies are an essential factor in American agriculture and of overall 
ecosystem health.  Honey bees pollinate over 100 commercially grown crops globally, and a 
reduction in the amount of honey bee colonies would be devastating for the North American 
agricultural industry (vanEngelsdorp and Meixner, 2009).  The winter of 2006 marked an 
observation of large scale losses of managed honey bee colonies (vanEngelsdorp, 2009).  Since 
then, there has been a loss of 30% of colonies in beekeeping operations across the United States 
(vanEngelsdorp et al, 2012).  This massive, unexplained loss has been confusing beekeepers and 
scientists alike since 2006 (vanEngelsdorp et al, 2009).  In 2009, a study was conducted with top 
researchers from universities all across the United States to identify factors that may be causing 
large scale colony death.  This study titled, “Colony Collapse Disorder: A Descriptive Study” 
identified over 60 quantifiable factors, including pests, pathogen loads, and pesticide levels, that 
could be leading to these massive honey bee losses.   However, the results were inconclusive and 
were not able to identify any single factor as the most likely to be causing the problem 
(vanEngelsdorp et al, 2009).      
One recent suspected culprit targeted by policy makers is one of agriculture’s most 
popular class of insecticides: neonicotinoids.  Concern over this insecticide has reached a peak in 
the European Union.  In March 2013, the EU member states were voted on a ban of all 
neonicotinoid pesticides on crops that honey bees are particularly attracted to (Jolly, 2013).  The 
action was sparked by a January 2013 report from the European Food Safety Authority that 
classified the pesticides as “high risk” for honey bees.  Whether the evidence substantiates such a 
claim is in dispute.  Peter Neumann from the University of Bern, Switzerland, stated to the New 
2 
 
York Times that “the role of the neonicotinoids is really hard to pin down… It’s hard to believe 
that they’re not contributing to the problem, but we really have no data” (Jolly, 2013).  
Switzerland is one of many European countries that has experienced higher than normal 
percentages of losses over the last few winters.  The European Commission did pass the pesticide 
ban late in April, 2013, while following the precautionary principle’s idea to preempt potential 
harm when the scientific community does not have a consensus of safety.  In this spirit, three 
neonicotinoid pesticides clothianidin, imidacloprid and thiametoxam, will be banned for use on 
crops attractive to honey bees for 2 years, beginning late 2013 (European Commission, 2013).            
        In the United States, beekeepers and environmentalists have also raised the concern about 
the use of neonicotinoids and honey bee health.  As recently as March 2013, commercial 
beekeepers and US environmental groups filed a lawsuit in the U.S. District Court of San 
Francisco against the EPA for not banning the use of clothianidin and thiamethoxam 
(Wozniacka, 2013).  Similar to the proposed EU ban, the Center for Food Safety asked the US 
EPA to suspend the use of the neonicotinoid clothianidin in 2012, and the request was denied.  
The EPA is reviewing the registration of these pesticides, but that process could take several 
years (Wozniacka, 2013).   
Since 2009, USDA Animal and Plant Health Inspection Service (APHIS) has been 
surveying honey bee colonies across the US in order to gain a better understanding of honey bee 
pests and diseases that may be contributing to widespread colony losses.  The USDA APHIS is 
also concerned about colony decline.  USDA APHIS is charged with protecting the plant and 
animal resources of the country, and has been active in protecting honey bee colonies for many 
years.  The honey bee morbidity data collected in this survey will help inform on the actual 
observed levels of honey bee disease, as well as pesticide exposure.   
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1.2 Research Question and Hypothesis   
In order to help the mission to combat colony losses, I will employ new methods to 
consider the environmental causes of honey bee disease.  Utilizing USDA APHIS honey bee 
morbidity data, National Agricultural Statistic Service (NASS) cropland data, and NASA 
HoneyBeeNet forage data; I consider the effect of key nectar sources in a 2-mile radius around 
836 honey bee apiaries sampled in 2011/2012 for various diseases associated with lower 
productivity and higher mortality rates.  Specifically, I address two questions: 
(1) Do increased amounts of natural areas mitigate the incidence and severity of 
honey bee disease? 
(2) Does the presence of (pesticide treated) agricultural field crops increase honey 
bee disease?  
(2a) Do neonicotinoid treated crops have an effect on morbidity relative to 
other field crops?   
I also address a third question that asks (3) are there statistically significant spatial 
patterns associated with each morbidity outcome.   
Following what entomologists understand about honey bee disease, I hypothesize that 
there will be an increase in observed morbidity factors in colonies located where available 
foraging crops are lack diversity, such as in areas that contain a lot of acres of agricultural field 
crops.  I suspect that colonies located near a high percentage of crops that are traditionally 
neonicotinoid pesticide treated crops would also experience an increase in disease rates.       
1.3 Methods and Contributions  
This thesis will analyze the spatial correlation between colony locations, change in 
cropping patterns, and identified morbidity measures.  I use ArcGIS to map the location of 
colonies studied in the USDA APHIS National Honey Bee Disease Survey (NHBDS) from 
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2011-2012.  This survey collects information about the disease loads of the colonies, as well as 
specific pesticide residues present in the colony pollen.  I map circles from NASS CropScape, 
crop land cover data, with a radius of 2 miles centered at the location of the 836 NHBDS 
observations.  I use multivariate regression analysis to analyze the correlations between forage 
crop availability and honey bee morbidity.  I also take a deeper look into honey bee forage 
behavior by integrating regionally specific information about major nectar sources for honey 
bees, as outlined by NASA’s HoneyBeeNet database.   
 Lessons from environmental economics and epidemiology literature suggest that the best 
way to link the impact of a “pollutant”  is to have the exact location of the individual 
observation, rather than providing an analysis based on approximating an observation’s location 
as a centriod, or computing average levels within geographic areas (Currie et al, 2008).  In this 
spirit I will use the exact GPS location of the colonies observed in the NHBD survey and 
conduct our analysis based on the variation in the geography.  In my case the “pollutant” will be 
a combination of potential pesticide exposure and nutrient availability based on nearest foraging 
crops, a few factors that ultimately can affect the general health and well being of a honey bee 
colony.  My research has the potential to make two primary contributions to literature in several 
fields including Agricultural Economics and Epidemiology, as well as apicultural practice.  
My contribution to this body of literature is to look at the problem from a new 
perspective.  As far I know, there are no spatial studies that have been conducted to try and find a 
correlation between morbidity measures and cropping patterns.  Some studies have tried to 
determine what morbidity measures are most likely to be causing colony collapse (Higes et al, 
2010; vanEngelsdorp, 2009), and some studies have looked at the correlation between cropping 
pattern and mortality measures (Nguyen, B. K., C. Saegerman, C. Pirard, J. Mignon, J. Widart, 
5 
 
B. Thirionet, F. J. Verheggen, et al., 2009) however I use methodology from epidemiology 
literature to spatially investigate correlations between the forage mix for honey bees, potential 
pesticide exposure and the disease load in colonies.   
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Chapter 2: Background 
2.1 Introduction 
Honey bees (Apis melifera) are a very important facet of life on earth as we know it.  
Honey bees are so special because they are part of a class of insects known as pollinators.  
Pollinating insects fly around between plants, collecting nectar to bring back to their hives.  
During this process, they carry necessary pollen to and from the reproductive parts of flowing 
plant species.  Without this process, many plant species would have trouble reproducing and 
growing to their full potential.  Pollination is essential for an estimated 80 percent of all 
flowering plants (FAO). Honey bees are only one of the thousands of species that pollinate 
flowering plants, but are among only a few species that can be managed by humans to pollinate 
crops.  The active management of honey bees is the most widely utilized and most cost effective 
approach to providing pollination services to the agricultural industry (Allsop, 2008).   
2.2 Structure of the Honey Bee Colony  
  An average managed honey bee colony is made up of 3 types of bees.  The queen bee is 
the largest of the bees, and produces the eggs for the reproduction of the colony.  The colony is 
also made up of male drone bees.  A honey bee colony would also not exist without the tens of 
thousands of worker bees who forage in the surrounding area to collect pollen and nectar. 
Worker bees can fly up to 10 km (6.2 miles) round trip to collect nutrients for their colony 
(Seeley, 1997).  The life span of a colony varies greatly because colonies are constantly being 
split, abandoned, or are afflicted with disease and die off.  Queen bees can live for several years, 
while the average life of a worker bee can be a few weeks in the summer, and a few months in 
the winter.  Drone bees die after mating, or are forced to leave the colony before winter.  The 
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health of the hive depends on all those involved, and they function as a well-established unit to 
collect and produce necessary food and nutrients for their survival.     
The honey bee performs the pollination task because it is attracted to the nectar inside the 
flowers of plants and needs it for the survival of the hive.  The worker bee carriers the nectar 
back to its hive to use in the honey making process.  Honey bees instinctually make honey for 
their own consumption, but humans, as well as other animal species, have been taking advantage 
of this process for their own benefit.  Beekeepers can extract honey for their own personal use, or 
sell it to other consumers. In 2011, the American honey industry was estimated to be worth about 
$256 million (USDA NASS, 2012).  Changes in honey production and yield per colony over the 
past 5 years have been significant, however, the general trend of an annual increase in the 
average bulk price per pound of honey has remained steady since 2007.  Honey is the most 
widely consumed product that honey bees produce, but many other goods can also be made from 
the products of honey bees.  Not only are there consumer products that honey bees contribute to 
the economy, but there also exists a market for honey bee pollination itself, as well as packages 
of live honey bees and queen bees.  
2.3 Importance of the Honey Bee Colony 
Honey bee colony winter loss is a tremendous cause for concern because of the 
magnitude of the losses and what that means for the many connected industries.  There are many 
reasons that honey bees are important to the United States and these include the value of 
pollination to US Agriculture and the growing population of the US, the health and beauty of our 
natural ecosystem, the tremendous value of the honey industry, and the livelihood of the 
American beekeeper (Morse, 2000).  
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One of the largest negative implications of the honey bees decline is the potential damage 
to the agriculture industry and the environment. About three-quarters of the more than 240,000 
species of the world’s flowering plants rely on pollinators (Davies et al., 2004, pg 16).  A 
reduction in pollinators means a reduction in the quality of our ecosystems on Earth.  A critical 
service provided by these ecosystems is agriculture.  Approximately 1/3 of the average 
American’s diet is comprised of foods that are pollinated by honey bees (Hackett, 2004).  Honey 
bees provide 80% of pollination for vegetable, fruit, seeds, flower crops, and forage crops, as 
well as pollinate the crops that are fed to dairy and meat animals (Hackett, 2004) 
While their contribution to North American agricultural is important, honey bees also 
provide great benefits to the environment that are often overlooked.  Honey bees pollinate 
ornamental shrubs and trees that produce flowers and fruit.  These plants are used in landscaping 
and in home gardens (Hackett, 2004).  Honey bee pollinators are important to home gardens 
because they are responsible for producing most of the seeds used to plant vegetables and 
flowers in home gardens.  Pollination is an essential input into home gardens, just as are sunlight 
and water.  Without honey bees, fruit trees bear few fruits, berries tend to be small and 
misshaped, and vine crops like melons, cucumbers, squash, and pumpkins bear small fruits that 
do not mature properly (Mussen, 2004).  Homeowners do not pay for the pollination of their 
gardens, and this means that honey bees are a positive externality to these homeowners, and can 
be very valuable.     
Besides home gardens, honey bee pollination has value in many other non-agricultural 
sectors.  Wildflowers are a main attraction in many national and state parks and people travel 
many miles to visit these parks for the natural beauty in the landscapes.  The fruit, seeds, and 
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nuts that are produced by honey bee pollinated plants can be food for birds and other animals.  A 
decline in the pollination services of these plants means a decrease in the available food for wild 
species.  Also, any honey bee pollinated plants are valuable to ecosystems in preventing erosion 
(Morse, 2000).  The value of honey bees pollination wild fruit, seed, and nut crops that are 
necessary for ecosystem survival is probably substantial (Morse, 2000).   
2.4 Environmental Externalities 
Honey bees can be considered as providing a positive externality to individual farmers, or 
the agriculture industry as a whole.  Unless farmers managed honey bees themselves, many 
farmers in the past have not had to pay for pollination services.  The pollinators that existed in 
their area would provide this service for free, and in many cases still do today (Morse, 2000).  
Virtually all of the backyard beekeepers provide free pollination for growers in their area, and 
these growers have no incentive to pay a fee for this pollination.   
With the increase in the agriculture industry, the growth in the American population, and 
the decline in managed honey bee populations, agriculture has seen a shortage in the amount of 
available honey bees. This shortage has led to the emergence of rental markets for honey bee 
colonies, and the externality of pollination services has shifted to producers internalizing the 
costs (Rucker, 2012).  Bee brokers locate and coordinate the renting, selling, and/or trading of 
colonies for the use of their pollination services.  This is essentially a payment for an 
environmental service.  Most of the pollinators are shipped to California to support the growing 
almond and walnut industries.  Pollinating California’s 780,000 acres of almond trees alone takes 
an estimated 1.5 million honey bee colonies (USDA NASS Almonds, 2012).   In a 2012 
BeeInformed Partnership pollination survey, it was estimated that the average rental price of a 
honey bee colony for pollination in California Almonds was about $151.  Considering the 
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estimated 1.5 million colonies needed to pollinate the California almond crops in 2012, and the 
average rental price of colonies, California almond pollination could roughly be worth over 
$226.5 million.    
 With such a large number of colonies needed to sustain American agriculture, bee 
brokers are not always able to meet the demand for all the colonies they committed for 
pollination (vanEngelsdorp et al, 2011).  This shortage of pollinators can have large impacts on 
the productivity of the agriculture industry.  This issue has been illustrated by the history of 
pollination rental markets in California.   
The availability of honey bee colonies for rental of pollination services declined 
dramatically between 1989 and 2004 due to many factors including pesticides and honey bee 
disease load increase (Sumner, 2006).  The demand for honey bee colonies increased as well 
with the expansion of the almond industry in California.  Every year since 2010, the total number 
of acres of almonds in California has been rising.  In 2010 there were 740,000 acres, and in 2013 
there is expected to be over 810,000 acres of almonds.  The Bee Informed Partnership has 
conducted a survey of bee brokers every year since 2010, and has concluded that an increase of 
almond acreage had led to a decrease in the number of honey bee colonies places per acre (BIP 
Bee Broker Survey Multi-Year Report-working paper, 2013).  This trend demonstrates the 
shortage of available colonies for rental pollination services.  A decrease in supply of honey bees 
and an increase in demand for them created a problem for growers in a dramatic colony rental 
fee increase from $54 in 2004 to over $136 in 2006 (Sumner, 2006).  Since 2006, prices have 
continued to rise and in 2012 rested near an average of $152 per colony (BIP Bee Broker Survey 
Multi-Year Report-working paper, 2013).  The increase in prices are an economic indicator that 
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honey bees are becoming more valuable to the agriculture industry, especially in California, and 
that continuing decline in pollinator availability is an important problem.    
2.5 The Valuation of Pollination Services 
In addition to valuing a colony based on its rental price, there have been many economic 
studies that try to estimate the general value of pollination services to honey bees.  There is 
currently no generally accepted way to value pollination services, but there are two approaches 
that have been used in the past.  One approach is to estimate the cost of using an alternative 
technology for the pollination services, and the second is known as the replacement cost 
approach.  The second and more widely used approach is an estimation of the value of crop 
production attributable to pollination (Winfree, 2011).  The two approaches are said to produce 
widely different results (Winfree, 2011).  Winfree et al tried to unify the two methods and 
improve upon them to estimate a more accurate value.  They find that the managed honey bee 
colonies’ pollination services for the watermelon industry in New Jersey and Pennsylvania alone 
can be valued to over $3 million a year.   
A Cornell University study tried to value pollination services by estimating the marginal 
increase in the value of increased crop yield and increased quality of production attributable to 
honey bee pollination.  This study ultimately estimated the total value of pollination services in 
the US to be more than $14.6 billion annually (Morse and Calderone, 2000).  This value can be 
attributed to the fact that honey bees pollinate many crops from nuts to vegetables and as diverse 
as alfalfa, apple, cantaloupe, cranberry, pumpkin, and sunflowers (Hackett, 2004).  
Regardless of exact value, we know that honey bee decline is alarming because honey 
bee externalities and crop production externalities are connected.  Beekeepers rely on nearby 
crops as sustenance for the livelihood of their colonies, and the honey bees need those crops for 
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honey production.  In turn, growers rely on honey bees for the pollination of their crops.  While 
both beekeepers and growers experience positive externalities from the other, a decline in honey 
bees imposes substantial negative impacts on beekeepers, growers and their connected industries 
(Siebert, 1980). 
2.6 Colony Collapse Disorder  
The term Colony Collapse Disorder (CCD) was originally used to describe the 
phenomenon when worker bees suddenly and mysteriously disappeared from the hive, without 
dead bees left in the hive.  The term is currently being used by activists to describe the new 
development of mass bee deaths (Entine, 2013).  CCD is a real concern, but not all honey bee 
losses occurring across the world can be contributed to this disorder and might rather be the 
result of diseases, parasites, and beekeeper mismanagement of colonies (Williams, 2010).  This 
paper will focus not on CCD, but on the widespread morbidity factors like pests and pathogens, 
that are most likely causing honey bee colony losses.  
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Chapter 3: Review of Literature 
3.1 Introduction 
The honey bee is an extremely valuable and important part of the American agriculture 
industry.  However, recently there has been an increase in honey bee mortality, as well as an 
increase in the morbidity factors that could be contributing to the colony losses.  In this chapter, I 
will discuss the trends associated with honey bee health, and the potential causes of honey bee 
decline.  Trends in honey bee mortality, as well as observed morbidity factors have been 
recorded for years, and an analysis of these trends is included first.  I then discuss the possible 
causes of honey bee decline including observed morbidity factors and location of hives.  
3.2 Trends in Mortality 
Currently in the United States there are estimated to be about 2.62 million honey bee 
colonies (USDA NASS Honey, 2012).  However, this figure is underestimated because the 
United States’ Department of Agriculture’s NASS only counts colonies that produce honey, so 
backyard beekeepers and apiaries with fewer than 5 colonies are not counted (Committee on the 
Status of Pollinators in North America, 2007).  Since 1947 the USDA has been tracking 
managed honey bee colonies and has observed several periods of population decline.  The data 
shows honey bee population declines from 1947-1972, from 1989-1996, and the most recent 
drop in population beginning in 2005 (Committee on the Status of Pollinators in North America, 
2007).  The total number of colonies dropped dramatically from a high of 5.9 million colonies in 
1947 to a low of 2.3 million colonies observed in 2008 (vanEngelsdorp & Meixner, 2009).  
While these total numbers likely underestimate the number of total colonies in the United States 
because they miss many backyard beekeepers, they also may double count migrating colonies, 
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such as the 1.5 million colonies in California during almond pollination season are sent there 
from other parts of the country.   
The total number of colony data also does not take into account the seasonal variability of 
colony numbers, as the survey is taken in August (USDA, 2013).  This means that beekeepers 
could experience a large amount of loss over the winter, but remedy this quickly by splitting 
their existing colonies, or replacing the dead ones with new purchased packages (vanEngelsdorp 
& Meixner, 2009).  The total number of colonies may stay constant over the year, but would not 
account for the mortality rate of colonies over the year.  An example of this phenomenon is 
thought to have occurred between 2007 and 2008.  While NASS reported a 5% increase in the 
amount of honey bee colonies, recorded winter losses for that period reached an astonishing 
36%. 
The Bee Informed Partnership has been recording winter colony loss rates and has seen 
high losses every winter since 2006.  These overwintering losses of 32%, 36%, 29% and 34% 
were recorded for the winters of 2006-7, 2007-8, 2008-9, and 2009-10, respectively 
(vanEngelsdorp et al., 2007, 2008, 2010, 2011a).  The winter of 2010-11 recorded loss rates of 
29.9%, and an analysis of 2011-12 winter loss data reports a loss rate of 21.9% (vanEngelsdorp, 
2012). 
Although the general trend in total number of colonies seems relatively stable, the high 
mortality rates over the winter are not an indication of a healthy honey bee industry.  Colonies 
that are split may be more prone to disease than other full strength colonies, leaving an apiary 
more susceptible to continued losses.  Also, although purchasing a package of bees is a quick fix 
for the replacement of a colony, the cost could be as high as $120 per hive, resulting in a much 
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higher operating cost for an apiary.  Some backyard beekeepers may not be able to afford a 
package of bees to replace a dead colony, and would have to forfeit that colony.  A consequence 
of colony loss may also be that the prices of these replacement colonies could rise, therefore 
making recovery of losses more expensive, and possibly even more unattainable for backyard 
beekeepers.   
3.3 Trends in Morbidity 
The problem of colony loss is still being investigated full force by many organizations.  
One very important effort is sponsored by the USDA Animal Plant and Health Inspection 
Service in cooperation with the University of Maryland and the USDA Agricultural Research 
Service.  Every year since 2009, a yearly National Survey of Honey Bee Pests and Diseases has 
been conducted in order to establish a baseline of disease load in honey bee colonies across the 
United States.  The survey that this paper focuses on was conducted in the summer of 2011 
through the spring of 2012.  The survey 2011 was in its third year, and was the largest survey to 
date (USDA APHIS, 2012).   The primary focus of the survey is to identify disease loads in 
honey bee colonies in order to establish a baseline, but also to try and investigate the absence of 
certain diseases.  From the 34 states the survey was conducted, 875 samples were analyzed in 
USDA labs for 10 known honey bee viruses, pests and pathogens.  These include Slow Bee 
Paralysis Virus, Deformed Wing Virus (DWV), Black Queen Cell Virus (BQCV), Acute Bee 
Paralysis Virus (ABPV), Israeli Acute Paralysis Virus (IAPV), Chronic Bee Paralysis Virus 
(CBPV),  Nosema ceranae, Nosema apis, Varroa mites, and the Tropilaelaps mite. 
Trends in these morbidity factors are important to discuss.  However, observed trends 
from this specific survey should be taken with caution (USDA APHIS, 2012).  The scope of 
survey has changed every year since the pilot survey (3 to 13 to 34 states), and the timing of 
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samples is somewhat inconsistent.  Observed trends are also conditional on the fact that there 
were no management questions asked during this survey (USDA APHIS, 2012).  For example, 
even if Nosema loads seemed to decrease from 2009 to 2012, it would be impossible to know if 
this resulted from an increase in treatment of Nosema or simply a decrease in disease load.  
There are, of course, some results and trends worth noting.   
Detected Nosema loads over the 3 years of the survey seemed to be highest in 2009, 
decrease in 2010, and increase again in 2011 ( 
Figure 1).  This trend should be taken with caution because the changing sample size of the 
survey, as well as the seasonal variation in Nosema loads (USDA APHIS, 2012).   
Figure 2 shows that observed Varroa mite prevalence (the percentage of samples that contain at 
least 1 Varroa mite) has remained steady over the 3 years of the survey, but the number of 
samples per year is also not consistent (USDA APHIS, 2012).  Additionally, the trend in the 
amount of mites per 100 bees has increased significantly (Figure 3) (USDA APHIS, 2012).  
Scientists have estimated that an average load of over 3 mites per 100 bees is a cause for concern 
(USDA APHIS, 2012).   
Over the 3 years of the survey virus loads consistently show that Deformed Wing Virus is 
the most prevalent, and that Israeli Acute Paralysis Virus, Acute Bee Paralysis Virus and Black 
Queen Cell Virus are among the other most common viruses detected.      
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Figure 1: Nosema spp. Prevalence 
 
 
Figure 2: Varroa Mite Prevalence 
 
 
 
 
 
 
 
Figure 3: Average Varroa Mite Load 2009-2011 
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3.4 Causes of Colony Loss 
3.4a Introduction 
There are many different theories that try to explain why honey bee mortality is 
increasing, but pests and diseases could be the most devastating.  Among the most damaging 
parasites are Varroa destructor and Nosema ceranae.  These parasites have been identified as 
weakening colonies all over the world, and many beekeepers treat their colonies to defend 
against the parasites.  Several viruses and diseases have also been found to weaken colonies.  Of 
the many possible viruses that have been identified, the Black Queen Cell Virus and the 
Deformed Wing Virus were the most observed in the NHBD survey sample.  Pesticides, 
location, major nectar source, and management practices are other possible factors that can 
influence colony loss, and are discussed in this chapter as well.   
 
3.4b Parasites and Viruses 
Since the 1980’s the Varroa mite has been implicated in causing increased levels of 
winter loss in managed honey bee colonies (Committee on the Status of Pollinators in North 
America, 2007).  Varroa is a parasitic mite that attaches to the exterior of honey bees and 
weakens and kills them by feeding off of their bodily fluids (Bessin, 2001).  The mites can also 
carry viruses to the bees which can spread throughout the colonies.  Today Varroa mites are 
present on every continent and they devastate honey bee populations wherever it spreads.  The 
Varroa mite is found in colonies year round, but tends to be the highest from fall to spring, as 
examined in the BIP winter loss survey. There are many mite control products available to 
beekeepers to help combat this problem.  Varroa mite control products cannot be used during 
honey flows for fear of contamination of the honey (Bessin, 2001).  Even if the honey is not 
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going to be sold for human consumption, the contamination of the honey is bad for the bee 
colonies that feed off of their honey. 
In addition to the ubiquitous Varroa mite, two species of Nosema are associated as 
possible causes of decreased honey bee colony health. Nosema is a unicellular parasite that 
works against colony health by suppressing honey bees immune systems and adversely 
impacting nutrient utilization (National Honey Bee Health Stakeholder Conference Steering 
Committee, 2013).  Recent studies have shown that the more historically popular Nosema apis 
has been largely displaced by Nosema ceranae over the past few decades (vanEngelsdorp et al, 
2009).  While widespread colony losses have been expressly attribute to Nosema ceranae in 
Spain, widespread colony losses have not been attributed to Nosema ceranae in the United Sates 
as of yet.  However, it has been shown that N. ceranae infections can weaken and cause a sudden 
collapse of individual colonies under field conditions (Higes, 2008).  Many beekeepers have 
addressed the infection problem by treating with control products.  The effectiveness of 
treatments is still under investigation because some beekeepers have reported fewer losses when 
using control products, while some suspect that the products may stress the bees and lead to poor 
colony health (National Honey Bee Health Stakeholder Conference Steering Committee, 2013).   
 Viruses are also a cause for concern in honey bee hives.  Two of the most prevalent 
viruses in our sample were the Deformed Wing Virus (DWV) and the Black Queen Cell Virus 
(BQCV).  The Deformed Wing Virus accused of causing wing and abdominal deformities in 
adult honey bees, while the Black Queen Cell Virus attacks queen bee larvae, and turns them 
black.  While no one honey bee virus can explain elevated honey bee losses by itself, it has been 
20 
 
shown that a combination of viruses and diseases, like DWV and Varroa may reduce the life 
span of honey bees over the winter (Dainat, 2012; Genersch et al, 2010).   
3.4c Pesticide Use  
Pesticide use is also a widely disputed plausible cause of colony decline.  Honey bee 
exposure to pesticides may have an adverse effect in the health of colonies, and pesticides used 
on agricultural crops have been found in the honey and wax residues of colonies.  Chemicals that 
make up pesticides can affect honey bees immune health, their behavior, and even reduce or 
destroy their natural hormones (Chauzat et al, 2009).  There is a generally accepted consensus 
among stakeholders in the beekeeping industry and in agriculture as a whole, that pesticide use 
should not compromise the existence and health of the honey bee (National Honey Bee Health 
Stakeholder Conference Steering Committee, 2013).   
Honey bees are constantly exposed to pesticides in many ways including direct exposure 
from the application of the pesticides, or indirect exposures from honey bee foraging on 
commercial crops or pesticide drift onto other flowering plants located close to areas with a lot of 
agricultural land in production (Chauzat et al, 2009).  While it is commonly understood that 
honey bees are exposed to many pesticides in the field, the level of exposure to any particular 
pesticide may not be enough to kill the bees outright (Mullin et al, 2010).  Determining the true 
pesticide exposure of honey bees in actual field conditions is considered to be an extremely 
important research question.  Knowing the true exposure dosage will help researchers connect 
expected pesticide effects with the current knowledge obtained in laboratory based studies 
(National Honey Bee Health Stakeholder Conference Steering Committee, 2013).   
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In order to pesticides to be registered for use, acute toxicity tests must be performed to 
determine the LD50 values.  While this testing is necessary to determine acute mortality levels in 
honey bees, the information obtained does not necessarily inform on the potentially harmful 
effects of the pesticides in sub-lethal doses.  There have been many studies that have taken 
strides in determining that sub-lethal effects, like changes in mobility and foraging behavior, are 
potentially a serious cause of honey bee colony decline (National Honey Bee Health Stakeholder 
Conference Steering Committee, 2013).  Testing the effects of sub-lethal doses in real field 
colony conditions remains a huge obstacle.  Hopefully in the future, scientists will find ways to 
overcome this with more sophisticated sampling techniques and potential computer modeling 
(National Honey Bee Health Stakeholder Conference Steering Committee, 2013). 
The class of pesticides most heavily criticized for potential harm to honey bee health is 
the neonicotinoids.  Neonicotinoids are a class of neuro-active insecticides chemically related to 
nicotine that affects the central nervous system in insects that can lead to paralysis and death.  
These pesticides were developed because they are supposed to be more toxic to insects and less 
toxic to mammals and birds, suggesting that they may be “safer” than previously used 
organophoshate insecticides.  The pesticides were developed in the 1990’s by Bayer 
CropScience and one neonicotinoid, Imidacloprid, is the most widely used pesticide today 
(Texas A&M AgriLife Extension).  One aspect of these pesticides that has made them popular is 
that farmers can apply the neonicotinoids directly to the soil, to be taken up by the plants.  This 
means that there is less of a chance of honey bees, and other beneficial insects, being hurt by 
drifting application (Texas A&M AgriLife Extension).  Although Imidacloprid is the most 
popular of the neonicotinoids, there are several other varieties as well; Acetamiprid, 
Clothianidin, Dinotefuran, Nitenpyram, Thiacloprid, Tiamethoxam.   
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Another potential cause of concern for pollinators is genetically engineered crops (GE).  
Most of the GE crops today consist of seeds that are genetically coded with genes from the soil 
dwelling bacterium Bacillus thuringiensis (Bt).  Bt strains produce protein that have insecticidal 
properties.  Initial thoughts seem to be that honey bees are at risk of exposure to harmful 
pesticides if Bt crops are programmed to contain these insecticides.  However, many studies have 
been conducted and have shown that there is little evidence that Bt crops are harmful to honey 
bees.  In a review article of many such studies, Duan et al. explains that no individual tests 
involving Bt crops and honey bees have shown any significant impact on colony health or 
survival (Duan et al. 2008).  It is possible that pollen nutrition and availability could be 
decreased if the GE crops contain an herbicide as well.  Herbicides could potentially reduce 
floral diversity and abundance, possible contributing to honey bee decline (Ellis, 2010). 
The threat from genetically engineered is in their seed treatments.  A majority of the corn, 
cotton and soybean seeds planted in the United States in 2011 were GE seeds, as shown in Table 
1.  It is standard agricultural practice in corn, cotton, and soybean farming to use genetically 
engineered seeds that have a seed treatment on them.  Dr. Michael Gray, Professor and extension 
expert in the Department of Crops Sciences at the University of Illinois, confirmed in an 
interview that almost all seeds are treated with neonicotinoid pesticides.  In 2003 when the corn 
rootworm was becoming resistant to BT crop proteins, neonicotinoid pesticide seed treatments 
became standard practice.  Even though BT hybrids changed to adapt to resistance problems, 
seeds treatments remained as a precaution to protect against secondary soil insects, and as cheap 
crop insurance in case resistance occurs.   
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While neonicotinoid pesticides and BT crop hybrids were designed to target and kill 
insects, harming honey bees is not a goal of using the products.  While there is still confusion 
over whether or not field exposure levels of neonicotinoids on honey bees is lethal or not, there is 
evidence that honey bees do come into contact with these pesticides.   
Honey bees located near agricultural fields, especially in the Corn Belt region, can be 
exposed to neonicotinoid pesticides in multiple ways.  Seeds treated with the neonicotinoids 
clothianidin and thiamethoxam, are planted with air planters that produce a significant amount of 
exhaust.  High levels of neonicotinoid residues have been found in the exhaust material of these 
planters and in the soil as well (Krupke et al, 2012).  Honey bees can be exposed to these exhaust 
residues directly from the air, or they could encounter them after they have settled on nearby 
flowering plants and grasses.  Because neonicotinoid pesticides are systemic, and taken up by the 
plant roots from the soil, residues have been found in the pollen of seed treated plants, and honey 
bees can be exposed to the pesticides this was as well (Krupke et al, 2010).     
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Table 1: Percent of all seeds that are GE in the US, 2011 
 All GE Varieties 
State % of all 
Corn 
Planted 
% of all 
Soybeans 
Planted 
% of all 
Cotton 
Planted 
Alabama -            - 97 
Arkansas - 95 98 
California - - 80 
Georgia - - 96 
Illinois 86 92 - 
Indiana 85 96 - 
Iowa 90 97 - 
Kansas 92 96 - 
Louisiana - - 97 
Michigan 87 91 - 
Minnesota 93 95 - 
Mississippi  98 98 
Missouri 85 91 98 
Nebraska 93 97 - 
North 
Carolina 
- - 96 
North Dakota 97 94 - 
Ohio 74 85 - 
South Dakota 96 98 - 
Tennessee - - 98 
Texas 88 - 86 
Wisconsin 86 91 - 
Other States 86 92 94 
U.S. 88 94 90 
2010-2011: U.S. Dept. of Agriculture, National Agricultural Statistics Service 
(NASS), Acreage. June 30, 2011 
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3.4d Location of Apiaries 
 The health of an apiary depends greatly on its location.  Location of a colony determines 
what weather and climate the colony is exposed to and which pollen sources are available from 
nearby foraging crops.  These factors have a great impact on colony health and well-being.  
Honey bee colonies need to be placed in the correct location in order to endure the winter to 
insure the success of the hive.  Colonies require adequate pollen and nectar sources for nutrition 
and nourishment, adequate sunlight, protection from high winds, and a nearby water source 
(MAAREC, 2012).  
 The success of a honey bee is very dependent on its health and nutrition (Brodschneider, 
2010).  Honey bees, at each stage of their development, gain their nutrition from their pollen 
sources, so being located to natural pollen sources is essential for honey bee survival.  It is 
possible for beekeepers to supplement their colonies diets with feeding proteins when a lack of 
good quality pollen available (Brodschneider, 2010).  However, not all colonies are managed 
effectively and a lack of adequate pollen nutrition can create many potential risks for honey bee 
colonies.  Poor nutrition has been implicated in causing colony starvation, a decreased resistance 
to pests and diseases, and an increased sensitivity to the effects of pesticides (Brodschneider, 
2010; Huang, 2012).  Honey bees typically collect a variety of pollen from different plants to 
provide themselves with a balanced and diverse diet (Brodschneider, 2010).  With the increases 
in monoculture farming activities, honey bee colonies could be exposed to the risks of an 
inadequate pollen supply because of a lack of diversity of plants in their foraging area. 
 In addition to the foraging crops honey bees are located near, climate of the colony 
location is also an important predictor of colony health and well-being.  Ultimately, climate 
affects crop distribution, and these two factors could potentially be highly correlated in their 
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effects on honey bee morbidity.  Some beekeepers are migratory move their colonies to different 
locations depending on the season.          
Another location based factor that affects honey bees is the weather.  Some scientists 
believe that weather factors such as temperature and light exposure have direct effects on honey 
bee behavior.  One Canadian study by T.I. Szabo followed the flight activity of 10 honey bee 
colonies over three years.  This study found a highly significant correlation between an increase 
in temperature and an increase in flight activity, contributing to weight gain, in their colonies.  
They also observed highly significant correlations between light intensity and flight activity 
(Szabo 1980).  Burrill and Dietz also observe a highly positive correlation between temperature 
and honey bee flight departures from the hive.  Increasing temperatures were shown to result in 
increasing flight activity, while decreasing the temperature, resulted in decreased flight activity 
(Burrill, 1981).  A warm and sunny summer contributes to the health of honey bee colonies by 
increasing their number of trips to collect more pollen and nectar for nutrition.      
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Chapter 4: Methods  
4.1 Introduction 
In this paper, we take a multidisciplinary methodological approach.  We combine 
econometrics and epidemiology to investigate the possible connections between colony 
morbidity and surrounding geographical variations.  Epidemiology is the study of patterns, 
causes, and potential health effects of diseases at the population level.  Epidemiology can 
identify potential risk factors for diseases, and thereby inform policy makers of possible 
preventative measures against health threats.  Epidemiological research is not only important for 
human disease conditions, but its methods can be useful to study diseases in animals: in our case 
honey bees.  A multivariate regression analysis is used to estimate the relationship between one 
outcome and several explanatory variables. I can use this method to analyze my data, and test my 
hypotheses for the 4 morbidity outcomes.  In this chapter I explain my reason for employing 
epidemiological methods in the paper, explain how these methods informed the use of “buffer 
zones”, and I outline my econometric model.   
4.2 Epidemiology/ Environmental Health literature 
  In basic epidemiological literature, scientific studies are conducted collecting 
information about an event or subject of study in order to assess all possible risk factors for 
disease.  Epidemiological events can be characterized by incidence rates of particular morbidity 
factors.  A morbidity factor is defined as any form of disease that can potentially compromise the 
health of an individual.  In this way, we will try and investigate honey bee colony decline.  The 
morbidity factors in our paper include those tested for in the National Honey Bee Disease 
Survey.  I explore which environmental factors may explain honey bee disease.          
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Scholars in epidemiology have suggested that the best way to link the impact of a 
“pollutant” is to have the exact location of the individual observation.   An analysis based on 
approximating an observation’s location as a centriod, or computing average levels within 
geographic areas is less accurate at predicting disease risk factors than a more specific location   
(Currie et al, 2008).  In this paper we will use exact geocoded locations of our hive to match their 
outcomes with crop area and possible pesticide exposure in colony’s the foraging area.   
4.3 Buffer zones 
To assess the potential risk factors that surround a honey bee colony, I create 2 treatment 
radii.  This method has been used in epidemiology to compare outcomes of 2 different zones of 
interest (Currie, 2012).  Specifically, we consider a radius of 2, and consider the variation in the 
CropScape data for each buffer zone.  Figure 4 illustrates this process in ArcMap for a subset of 
the data.  Many entomologists have suggested that honey bees will fly as far as they need to in 
order to obtain nourishment, but will not fly far if adequate nectar and pollen exists close to the 
hive.  It is estimated that the most efficient distance for gathering honey inputs is 1 to 1.5 miles 
(Ribbands, 1951). Our 2 mile radius was used to capture the most likely foraging area for the 
honey bees.  However, if inadequate nutrition exists in the area closest to the hive, honey bees 
will fly further.  Roger Morse of Cornell University estimated that while honey bees can survive 
well when their nearest food source is approximately four miles away, a law of diminishing 
returns may apply to hives located outside this buffer zone (Morse, 1984).  I then extract the land 
cover information in those buffer zones.  
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Figure 4: Buffer Zones 2 and 7 miles 
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4.4 Explanation of Variables 
My econometric model looks at the outcome, or honey bee morbidity, as a result of 
factors that may influence honey bee disease.  These factors include where the colonies are 
located, what crops are available for gaining pollen and nutrition, which forage crops are a 
significant nectar source, what months the crops were in bloom, and the month and year in which 
the sample was taken.   I use a multivariate regression to analyze the potential relationships 
between these environmental and sample timing factors have on morbidity outcomes.  I am 
testing the hypotheses: 
(1) Do increased amounts of natural areas mitigate the incidence and severity of honey bee 
disease? 
(2) Does the presence of (pesticide treated) agricultural field crops increase honey bee 
disease?  
(2a) Do neonicotinoid treated crops have an effect on morbidity relative to other field 
crops? 
In my base model (Model 1), I use 4 of the morbidity factors as my dependent variables 
which include Varroa mite load, Nosema load, and the presence of Deformed Wing Virus, and 
Black Queen Cell Virus.  Each of these outcomes can be explained by many variables, including 
data from CropScape as acres of various crops present in the buffer zone, the numerical month 
and year the sample was taken, the acres of natural area in each buffer zone, the acres of 
significant nectar sources in each buffer zone, and the latitude of each sample. A full list of 
variables for the base model is outlined in Table 2.   
The independent variables are created from the buffer zone data set.  Each observational 
colony unit has information about the acres of each crop in its buffer zone.  I also use the 
HoneyBeeNet data to determine which crops are significant nectar sources for honey bees, and 
create dummy variables for each possible source in the relevant foraging region.  While it is 
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important to add variables on whether or not a crop is a significant nectar source, it is also 
important to consider when those crops are blooming.  The variables in Model 2 account for the 
timing of the bloom month of natural area crops.  In these model specifications, I assume that 
pesticides can have an affect oh honey bees at any time; while I assume that plants, while they 
are in bloom, will be more likely have an effect on honey bees if they are a significant nectar 
source.     
A few variables are added to Model 3.  I choose to include the acres of corn, cotton, and 
soybeans in each buffer zone in the regression analysis in order to try and explain exposure to 
neonicotinoid pesticides.  Since it is well established agricultural practice to use Bt seeds and 
neonicotinoid seed treatments in the planting of corn, cotton and soybeans, it was important to 
include in my model.    If hypothesis (1) is true, then I should see that the natural area variable 
will have a negative and significant effect on all of the disease factors.  I suspect this because all 
of the natural area categories contain a high percentage of significant nectar sources, and the 
diversity in pollen sources could result in a healthier colony (decrease in morbidity factors).  If 
hypothesis (2) is true, then I should see that the acres of field crops will have a positive and 
significant effect for each of the morbidity factors.  This is because the agricultural field crops 
are associated with a high level of pesticide use, and honey bee exposure to these pesticides 
could lead to a decrease in health (increase in morbidity factors).  If hypothesis (2a) is true, then I 
should that the the marginal effect of acres of corn, soybeans, and cotton, will have a negative 
and significant effect on honey bee morbidity factors.  This is because these crops are associated 
with a high level of neonicotinoid pesticide use, and these pesticides have been seen as damaging 
to honey bee populations. 
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Model 4 includes regional fixed effects.  I wanted to test to see if regional variation was 
driving any of the results in the paper, so it was important to add in regional fixed effects to see 
how it impacted the results.  Model 5 includes disease interaction terms between all of the 
morbidity factors. I include the month and year timing of sample collection to try and control for 
differences in the landscape surrounding each observation colony during different months of the 
year.  Month is controlled for linearly in order to capture a buildup of disease over time. I also 
control for spatial variation in the model by using a control for latitude.  I also use latitude as a 
way to control for weather and climate variation across the United States.  Ideally, weather data 
will replace this control in the future.    
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Model 1: Base Model 
                                                                 
          
Model 2: with Timing 
                                                                  
                     
Model 3: Corn, Soy, and Cotton 
                                                          
                                                   
Table 2: List of Variables 
Variable Type Description 
ln(Varroa mites) Dependent The natural log of Varroa load per 100 bees+1 
ln(Nosema load) Dependent The natural log of Nosema load in millions of spores+1 
DWV indicator Dependent Dummy variable for presence of DWV 
BQCV indicator Dependent Dummy variable for presence of BQCV 
ln(naturalarea)  
 
Independent The natural log of acres+1 of each natural area category (forest, 
shrubland, grassland, developed land)  in each buffer zone 
ln(developedland) Independent The natural log of acres+1 of developed land in each buffer zone 
ln(fieldcrops) Independent The natural log of acres+1 of field crop categories (Corn, Soy, 
Cotton, Rice, Sorghum, Canola, Wheat, Other oilseeds) in each 
buffer zone 
ln(corn) Independent The natural log of the acres of corn+1 in each buffer zone 
ln(soybeans) Independent The natural log of the acres of soy beans+1 in each buffer zone 
ln(cotton)   
month Independent The numerical month the sample was taken (1-12) 
year Independent The numerical year the sample was taken (2011, 2012) 
latitude Independent The numerical latitude of the sample GPS location 
longitude Independent The numerical longitude of the sample GPS location 
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4.5 Regression Methods 
I run several different regression specifications to capture the most appropriate methods 
for each morbidity outcome.  I use OLS estimation for Varroa mite load, but I found this not to 
be appropriate for all of the disease outcomes.  I run a Tobit regression for Nosema spore load, 
and I use a Logit regression for both of the virus indicator dummy variables.  I run these 
specifications linearly and with a log transformation for the dependent variables based on fit.   
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Chapter 5: Data Description 
5.1 Introduction   
 In this chapter I discuss and summarize the key data sources that I will use when running 
my regression models.  I use data from the USDA APHIS National Survey of Honey Bee Pests 
and Diseases, USDA NASS CropScape data on land use, and data from NASA’s HoneyBeeNet 
database that categorizes crops by significant nectar sources to honey bees. Overall, the data in 
this section was an integral part of my analysis, and I explain in detail how I utilized these 
sources.   
5.2 National Survey of Honey Bee Pests and Disease: Morbidity   
The National Survey of Honey Bee Pests and Disease began in 2009 and was conducted 
cooperatively by USDA’s Animal and Plant Health Inspection Service (APHIS), USDA’s 
Agricultural Research Service (ARS) and The University of Maryland.  The survey aims to 
collect data about the prevalence of parasites and disease causing organisms that could 
potentially be contributing to the decline of honey bee populations.  The survey results will be 
used to estimate the overall health of colonies throughout the United States.  The information 
collected from the survey will also be used to create a baseline disease level for further analysis 
of the changing disease levels in North American colonies and the implications for possibly 
identifying CCD causes (USDA APHIS, 2012). 
While establishing a baseline level of disease load was an important objective of the 
survey, another primary objective of the survey is to demonstrate the non-existence of certain 
exotic pests and diseases in the US.  These include the parasitic mite, Tropilaelaps spp., Apis 
cerana, and Slow Paralysis Virus (USDA APHIS, 2012).  The reason for this is to comply with 
international trade agreements.  The United States is experiencing a shortage of available honey 
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bees, and importing colonies is a possible solution.  However, it is the duty of the USDA APHIS 
to ensure the safety of North American honey bees by restricting the import of colonies with 
exotic pests and diseases (USDA APHIS, 2012).  According to the USDA, the US cannot deny 
the import of colonies from other countries, unless that country has a pest or disease that we do 
not.  Establishing the non-existence of disease was extremely important to this survey effort to 
ensure long term health and well being of the American honey bee industry.   
The National Survey of Honey Bee Pests and Diseases is voluntary and information is 
collected through state apiary specialists.  These state representatives are mailed sampling kits, 
and they coordinate the sample collections from colonies all across their state.  The pilot year of 
the survey in 2009-2010 covered 13 states, and the most recent survey conducted (2012) spanned 
34 states.  These states included: Alabama, Arkansas, California, Colorado, Delaware, Florida, 
Georgia, Hawaii, Idaho, Illinois, Indiana, Iowa, Louisiana, Maryland, Michigan, Minnesota, 
Montana, Nebraska, New York, New Mexico, New Hampshire, New Jersey, North Carolina, 
North Dakota, Ohio, Pennsylvania, South Carolina, South Dakota, Tennessee, Texas, Utah, 
Virginia, West Virginia and Wisconsin.  Approximately 7,000 colonies where sampled from 
these 34 states.  In each sample location a composite sample consisting of samples taken from 8 
colonies were analyzed.  The results of these analyzes were aggregated leaving a total of 875 
observations.  Equal representation of a state was an expressed goal, and State apiarists were 
encouraged to divide their state into quadrants and get samples from each area (USDA APHIS, 
2012).      
The state apiarists collected 3-4 different types of samples from random colonies in 
apiaries spread across their state.  These samples included live adult bees (1/4 cup per 
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observation), preserved bees (1/4 cup), brood frame particles, and in some states, pollen samples.  
For the virus analysis, samples were analyzed for 10 known honey bee viruses, pests and 
pathogens: Slow Bee Paralysis Virus (not found in any samples), Deformed Wing Virus (DWV) 
(found in all states), Black Queen Cell Virus (BQCV) (found in all states), Acute Bee Paralysis 
Virus (ABPV),  Israeli Acute Paralysis Virus (IAPV), Chronic Bee Paralysis Virus (CBPV),  
Nosema ceranae, Nosema apis, Varroa mites, and the Tropilaelaps mite (USDA APHIS, 2012).  
Of the samples analyzed in 2011, 56.7% of them had detectable levels of Nosema, and 
19.5% of those contained potentially damaging levels of Nosema (> 1 million spores per bee).  
Varroa mites were detected in 91.8% of samples in 2011.  In terms of viruses in 2011, the most 
prevalent viruses detected were Deformed Wing virus and Black Queen Cell virus.  These were 
detected in every state sampled.  Other common viruses, IAPV and ABPV were detected in less 
than 10% of the samples.  The CBPV was detected for the first time this year, and this is thought 
to be because of the increased sophistication of the tests for it in 2011 (USDA APHIS, 2012). 
Fortunately, the exotic pests Tropilaelaps and Apis cerana were not detected in any of the 
samples, and the Slow Bee Paralysis virus was not detected either (USDA APHIS, 2012).    
The subsample of the NHBDS data for my thesis contains 836 of the 875 total samples.  
Observations were subtracted for several reasons; 25 observations in Hawaii were deleted 
because Hawaii does not have NASS CropScape data available, the GPS code for some (4) 
observations were inaccurate, and 10 observations were incomplete. 
Considering the 836 observations in my sample, I calculated the morbidity rates for each 
of the diseases tested for in the USDA survey.  Of the 13 viruses/ diseases tested for, only 9 were 
detected in this subsample.  For the regression analysis of this paper, we decided to include the 
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top 4 morbidity factors.  Varroa was detected in 93.89% of the samples, and Nosema was 
detected in 55.22% of the samples, suggesting that they are both prevalent in the data.  The most 
prevalent virus was the Deformed Wing Virus (78.96%), closely followed by the Black Queen 
Cell Virus (63.48%).  Table 3 contains the morbidity rates for all of the viruses and diseases 
tested for in the NHBDS. 
Table 3: Morbidity Data by Disease Factor 
Morbidity  
Factor 
Total  
Observations 
Yes  No N/A Morbidity  
Rate (%) 
Varroa  836 785 51  93.89 
Nosema 834 461 373  55.22 
DWV 827 653 113 61 78.96 
BQCV 827 525 220 82 63.48 
ABPV 827 59 650 118 7.13 
IAPV 827 35 677 115 4.23 
CBPV 827 7 701 119 0.85 
KBV 1 0 0 1 0 
N. apis 816 7 702 107 0.86 
N. ceranae 749 44 602 103 5.87 
Apis cerana 0    0 
SBPV 833 0 829 4 0 
Tropilaelaps 828 0 828  0 
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 Next, I look at the spatial distribution of the 4 morbidity factors.  Varroa mite load seems 
to display a relatively even distribution across the United States.  Figure 5 illustrates this 
distribution.  It is interesting to note that the highest levels of Varroa mite load are not taking 
place in California, suggesting some sample bias for the colonies in California.  Nosema spore 
count (Figure 6) also seems to be distributed fairly even across latitudes of the US.  However, the 
highest loads seem to be clustered in Northern Montana, and in the South East (SC, FL).  I will 
note that there are no high Nosema counts found in Wisconsin, Illinois or Indiana; the center of 
the Corn Belt region.  Both the Deformed Wing Virus and the Black Queen Cell Virus maps are 
presented as well, Figure 7 and Figure 8.  The existence of both of these viruses looks ubiquitous 
across the United States, and exhibits no clear patterns.    
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Figure 5: Spatial Varroa Mite Load 
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Figure 6: Spatial Nosema Load 
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Figure 7: Spatial DWV Presence 
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Figure 8: Spatial BQCV Presence 
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5.3 National Survey of Honey Bee Pests and Diseases: Pesticides 
New to the survey in 2011 was a pilot pollen pesticide survey where a minimum of 3 
grams of pollen was collected from brood frames that was tested for 174 known pesticides.  The 
pollen collected was from the same colonies that other bee samples were taken from for the virus 
analysis.  These pollen samples were placed in a tube, labeled and sent to USDA/ARS Bee 
Research Laboratory where they were refrigerated until the entire assortment of samples could 
be analyzed at USDA Agricultural Marketing Service (AMS) in Gastonia, NC.  The 
observational unit for the analysis consists of 8 colonies that were aggregated together for 1 
observation.  This pesticide survey collected information from 11 states: Alabama, California, 
Colorado, Florida, Idaho, Indiana, New York, South Dakota, Tennessee, Texas and Wisconsin.  
The pollen analysis data set consists of 99 samples from the 11 states.  
Only 35 of 174 tested pesticides were detected in the pollen samples.  The most prevalent 
pesticides found include Coumaphos and its metabolites (detected in 39.4% of the samples), 
Fluvalinate (detected in 38.4% of the samples), Thymol and 2, 4 Dimethylphenyl (a metabolite 
of Amitraz), both detected in 27.3% of the samples and Chlorpyrifos (detected in 20.2% of the 
samples).  Of these top 5 pesticides, the top 4 are all beekeeper applied treatments to hives to 
control the Varroa mite.  Coumaphos, Fluvalinate, and Thymol are key components in common 
beekeeper applied products.  Amitraz is also applied directly to honey bee hives to control 
Varroa.  Chlorpyrifos is an organophosphate insecticide widely used on cotton, corn, almonds, 
and fruit trees, and is the only residue of the top 5 to not be directly applied to honey bee hives.    
Table 4 (USDA, 2012) provides a detailed discussion of the results of the pesticide 
analysis.  The table includes the level of detection (LOD), or the minimum amount of the 
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pesticide that can be reliably detected, the prevalence (%) in this sample, the average level 
detected (parts per billion or ppb) and the range of detection (ppb).  This information is only 
provided for the samples that tested positive for that specific pesticide.  If a pesticide was 
detected once, a single value is given for the range and it is marked with an asterisk in Table 4 
(USDA APHIS, 2012). 
From the results of the pesticide analysis, it is important to note that the 4 most abundant 
insecticides found in pollen residues were the result of beekeeper management.  These 
insecticides and products used to defend against pests of the honey bee, and are therefore not 
residues that were transferred from field crops.  The 5
th
 most abundant pesticide was 
Chlorpyrifos, and is the most widely used organophosphate insecticide.  It is registered for us on 
crops such as cotton, corn, almonds, and fruit trees including oranges, and apples. 
It is also important to note that only 2 neonicotinoid pesticides were detected in this 
analysis; Imidacloprid and Thiacloprid.  They were prevalent in 9.1 and 2.0% of the sample 
respectively.  In this sample we do not have evidence to make any strong conclusions about 
neonicotinoid pesticides.  While it is still unsure how much neonicotinoid residues honey bees 
are actually exposed to, these results can still not help explain any trends.  However, it is 
important to think about the timing of the sample collection in terms of what residues are found.  
The samples in the NHBDS were not taken all at the same time, and were taken throughout many 
months over a year long period.  This difference in timing makes it difficult to say whether or not 
the colonies were exposed to pesticides at other points in the year.  The samples could have been 
exposed to pesticides either a long time before or any time after the sample collection date, and 
the resulting pesticide analysis would not reflect that exposure.    
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Table 4: Prevleance of  Pesticides found in all samples (n=99) anlyized for the National Honey Bee 
disease survey. 
Pesticide 
LOD 
(ppb) 
Prevalence 
n=99 
 (%) 
Average detection if 
positive for target (ppb) 
Range (ppb) Description 
Azoxystrobin 2 5.1 13.7 6.4-30.8 Fungicide 
Carbendazim (MBC) 5 5.1 105.3 8.1-233 Fungicide 
Cyprodinil 4 3.0 19.2 16-22.4 Fungicide 
Fenbuconazole 2 2.0 205.0 74.9 - 335 Fungicide 
Metalaxyl 2 1.0 37.9 37.9* Fungicide 
Pyraclostrobin 15 1.0 56.5 56.5* Fungicide 
THPI 50 6.1 2360.2 37.6 - 7060 Fungicide 
Atrazine 6 1.0 51.3 51.3* Herbicide 
Oxyfluorfen 1 2.0 3.1 1.7-4.4 Herbicide 
Pendimethalin 6 5.1 23.2 5.1-43.1 Herbicide 
Trifluralin 1 2.0 1.3 1-1.5 Herbicide 
2,4 Dimethylphenyl 
 formamide (DMPF) 
4 27.3 100.6 10-573 Insecticide 
Aldicarb sulfone 3 1.0 1.0 14.0* Insecticide 
Aldicarb sulfoxide 20 1.0 35.9 35.9* Insecticide 
Bifenthrin 1 8.1 4.2 1.2-11.4 Insecticide 
Chlorpyrifos 1 20.2 6.5 1.1-21.4 Insecticide 
Coumaphos 1 34.3 87.5 2-1110 Insecticide 
Coumaphos oxon 1 5.1 14.4 6.2-23.5 Insecticide 
Cyfluthrin 4 1.0 3.9 3.9* Insecticide 
Cyhalothrin total 1 7.1 9.5 2.2-36.2 Insecticide 
Cypermethrin 4 1.0 9.3 9.3* Insecticide 
Dieldrin 10 1.0 12.4 12.4* Insecticide 
Diflubenzuron 20 1.0 84.3 84.3* Insecticide 
Endosulfan I 2 5.1 38.7 2.2 - 124 Insecticide 
Endosulfan II 2 3.0 16.1 2.1-39.5 Insecticide 
Endosulfan sulfate 2 3.0 19.6 1.6 - 50.4 Insecticide  
Esfenvalerate 2 4.0 5.6 3.7-7.3 Insecticide 
Fenpropathrin 1 6.1 43.2 20.7-93.6 Insecticide 
Fenpyroximate 5 11.1 28.4 5.5 - 114 Insecticide 
Fluvalinate 1 38.4 39.9 2.2-182 Insecticide 
Imidacloprid 1 9.1 30.8 3.5-216 Insecticide 
Permethrin total 10 1.0 20.0 20.0* Insecticide 
Phosmet 10 1.0 785.0 785.0* Insecticide 
Thiacloprid 1 2.0 187.6 49.1-326 Insecticide 
Thymol 50 27.3 2271.8 37.5 - 39700 Insecticide 
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5.4 NASS CropScape  
 The CropScape data set produced by NASS shows cropland data cover for the contiguous 
United States.  The data was produced using satellite image observations at 30 meter (0.22 
acres per pixel) resolution.  It is combined with farm information taken from NASS surveys.  
This survey information includes field location, crop type, elevation, tree canopy cover, and 
urban infrastructure cover, with individual farmer data not released.  The NASS crop data layer 
exists for 1997-2011, and catalogues over 30 categories of agricultural crops.  CropScape was 
developed in cooperation with the Center for Spatial Information Science and Systems at 
George Mason University, Fairfax, Va. The research and development of CropScape and the 
NASS partnership with George Mason University reflect NASS’s continued commitment to 
improve U.S. agricultural production, sustainability and food security (Yang, 2011).   I use the 
cropland data to analyze which crops are located within a reasonable foraging area around each 
colony observation.  An illustration of this data is available in Figure 9.      
 To make the data set more manageable, the CropScape data are aggregated to include 
several “natural area” categories.  These categories include forest, shrubland, grassland, and 
developed land.  I aggregated these categories based on simple similarities between CropScape 
categories.  For example, the forest category includes all of the forest and tree crop variables 
like “Deciduous Forest”, “Evergreen Forest”, and “Mixed Forest”, were all summed across 
each observation.  A full list of the crop aggregations is available in Table 5.  
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Figure 9: CropScape 
  
 
Table 5: Natural Area Aggregation 
Forest  Shrubland Grassland Developed Land 
Forest Shrubland Other Hay/Non Alfalfa Barren 
  Christmas Trees Wetlands Clover/Wildflowers Developed 
Deciduous Forest Shrubland Sod/Grass Seed Nonag/Undefined 
Evergreen Forest Herbaceous Wetlands Switchgrass Developed/Open Space 
Mixed Forest  Fallow/Idle Cropland Developed/Low Intensity 
Woody Wetlands  Pasture/Grass Developed/Med Intensity 
  Grassland Herbaceous Developed/High Intensity 
  Pasture/Hay Barren 
  Vetch  
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The CropScape data in my sample includes only the crop information located within a 2 
and 7 mile radius of each of the 836 NHBDS GPS colony hive locations.  The raster data were 
clipped and extracted using ArcMap 10.1.  Each 2 mile buffer zone contains approximately 
8,039 acres, and the 7 mile buffer zones contain approximately 98,400 acres.  The data was 
then exported and analyzed in STATA.  Figure 10 shows the clipped CropScape buffer zone 
data for a subset of the samples.  
 To understand what crops honey bees are exposed to, I created Table 6 to summarize 
what percent of the land cover in each buffer zone was a natural area or a highly pesticide 
treated neonicotinoid crop.  I assume that having a larger percentage of natural area would be 
good for honey bee health, while a higher percentage of neonicotinoid crops could be harmful 
for honey bee health. West Virginia seemed to have the highest percentage of natural area 
(88.95%), while Indiana seemed to have the highest percentage of neonicotinoid crops 
(46.68%) on average for all of state observations. 
 In general, it seems that sampled beekeepers tend to place their hives in areas where the 
crop cover has a high percentage of major nectar source crops, relative to the state averages.  
However, it also seems that many hives are placed near large agricultural fields, as many of the 
buffer zones contain higher percentages of neonicotinoid crops relative to their state averages.  
For example, a typical colony observation in South Dakota’s 2 mile buffer zone consists of 
about 40% neonicotinoid crops.  However, the entire state of South Dakota is only comprised 
of about only 20% neonicotinoid crops.   
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Figure 10: Clipped Crop Data 
 
 
 
 
 
 
 
51 
 
Table 6: CropScape Summary Stats 
 2 Mile Buffer Zone CropScape National Totals 2011 
State- Region 
% 
Natural 
Area 
% 
Neonicotinoid 
(Corn, 
Cotton, 
Soybeans) 
% 
Major 
Nectar 
Source 
% 
Natural 
Area 
% 
Neonicotinoid 
(Corn, 
Cotton, 
Soybeans) 
% 
Major 
Nectar 
Source 
Alabama 79.56 3.49 95.90 87.21 2.60 89.05 
Arkansas 61.56 15.96 87.34 73.82 12.82 85.04 
California  47.64 1.12 65.96 80.34 0.81 82.03 
Colorado 57.23 7.71 84.44 86.95 2.27 89.60 
Delaware 35.36 26.15 71.31 46.04 24.16 54.42 
Florida 67.09 2.56 86.61 75.23 0.58 75.89 
Georgia 75.08 13.91 93.34 80.80 5.60 85.48 
Idaho 58.70 5.86 76.48 87.91 0.064 90.18 
Illinois 32.52 44.88 67.63 23.53 59.31 48.46 
Indiana 40.78 46.68 73.26 39.05 46.81 61.36 
Iowa 39.14 45.95 71.07 26.23 63.51 53.21 
Louisiana 61.08 10.66 85.40 73.27 6.62 77.77 
Maryland 57.46 12.25 87.91 60.78 13.33 65.88 
Michigan 52.62 20.72 80.32 68.32 12.19 77.00 
Minnesota 48.45 32.54 73.62 52.97 28.62 69.17 
Montana 71.97 0.37 91.48 89.11 0.07 90.88 
Nebraska 35.85 45.66 68.56 61.56 29.22 72.20 
New 
Hampshire 
77.53 0 .81 94.12 88.28 0.41 88.36 
New Jersey 63.10 7.47 91.19 59.82 4.04 61.89 
New Mexico 75.80 3.10 94.45 96.41 0.24 96.86 
New York 65.12 13.25 84.05 78.88 5.33 81.82 
North 
Carolina 
78.09 11.20 92.48 76.12 9.32 82.13 
North Dakota 48.06 19.50 72.96 54.33 14.81 66.28 
Ohio 49.45 23.84 87.84 51.12 29.20 68.62 
Pennsylvania 70.15 10.36 90.29 76.89 7.21 80.02 
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Table 7: Continued 
 2 Mile Buffer Zone CropScape National Totals 2011 
State- Region 
% 
Natural 
Area 
% 
Neonicotinoid 
(Corn, 
Cotton, 
Soybeans) 
% 
Major 
Nectar 
Source 
% 
Natural 
Area 
% 
Neonicotinoid 
(Corn, 
Cotton, 
Soybeans) 
% 
Major 
Nectar 
Source 
South 
Carolina 
79.26 7.68 92.27 81.48 5.12 84.39 
South Dakota 44.21 40.64 70.81 65.96 19.80 76.07 
Tennessee 79.51 5.19 96.29 79.06 8.44 84.73 
Texas 72.31 5.78 90.62 81.42 6.09 86.44 
Utah 54.59 2.57 91.03 83.33 0.15 84.63 
Virginia 72.82 4.80 94.04 84.28 3.61 86.14 
West Virginia 88.95 1.32 97.96 91.42 0.42 91.57 
Wisconsin 56.23 23.97 80.24 66.81 15.30 76.22 
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5.5 HoneyBeeNet 
 Because samples for the National Honey Bee Disease Survey were collected throughout 
the year, one might be concerned that the effect of nearby crops might vary from one sample to 
the next.  In order to connect the timing of the National Honey Bee Disease Survey samples to 
the correct cropping patterns in the CropScape data, it was necessary to bring in data on honey 
bee forage regions and blooming periods.  The Goddard Space Flight Center at NASA hosts 
honey bee data on HoneyBeeNet.  A honey bee forage map was developed to categorize the 
blooming period for flowering species that are sources of nectar for the bees.  The map in Figure 
11  consists of 14 bee forage regions within North America, and is based on land use patterns 
and natural flower patterns as defined by Ayers and Harman (1992) (NASA, 2011).  The regions 
are linked to a database that contains a list of flowering plant species in the region, the timing of 
the blooming of the flowers, and whether or not the species is a significant nectar source for the 
honey bees in the region.  These data were developed through a survey of major published flora 
and apicultural botanical literature, as well as questionnaires sent to local beekeepers in each 
region (NASA, 2011).  
The honey bee forage data collected from NASA was important to understand what crops 
are blooming at what times of the year, for multiple geographic regions.  Of the 14 regions 
across North America, our sampled colonies are found in 10 of them.  These include regions 
include the Western Mountains, South and Central California, Intermountain, Southwest Desert, 
Great Plains, Northern Great Lakes, Agricultural Interior, Appalachian-Ozark Upland, Atlantic 
and Gulf Coastal Plain, and New England.  The database provides tables based on each region, 
for each state, and contains variables such as plant names, plant types, beginning bloom month, 
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ending bloom month, and whether or not the plant is a significant source of nectar for honey 
bees.  
 The main crops that we see in the honey bee forage data are: corn, cotton, sorghum, 
soybeans, sunflowers, mint, canola, mustard, alfalfa, buckwheat, dry beans, watermelon, onions, 
cucumbers, caneberries, cherries, peaches, citrus, almonds, pears, cantaloupe, plums, apricots, 
radishes, cranberries, pumpkins, squash, and gourds.  This data matched well with the 
CropScape categories, and I was able to merge the data together.   Besides crops, the honey bee 
forage data also includes many shrubs, grasses, trees, and flower species, and I aggregated them 
into 4 categories: forest, shrubland, grassland, and developed land.  I also aggregated my 
CropScape data sample to the same natural area categories.  
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Figure 11: Forage Regions 
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5.6 Regression Variable Description 
Each of the dependent variables in my regression analysis is created from the National 
Honey Bee Disease Survey data set.  Varroa mite load was recorded as a continuous variable for 
each observation as the number of mites observed per 100 bees.  I take the natural log of this 
number+1 in order to smooth the distribution. Figure 12 shows an example of this for the Varroa 
mite load. 
 Nosema load was also recorded in the data set as a continuous variable, Nosema load in 
millions of spores, and is transformed in a similar fashion as Varroa load.  The Deformed Wing 
Virus variable was presented categorically as “Yes, No, or N/A” in the data set.  The “Yes” 
category indicated that the observation tested positive for DWV, and a Dummy variable was 
created as 1=Yes, while a “No” observation was recorded as a 0 in the dummy variable.  The 
“N/A” observations were replaced as missing for this analysis because the observation was either 
not tested for the virus, or that data was not available.  One reason for data not being available is 
that the bees died during shipping, and there was not any usable DNA for analysis from the 
National Survey of Honey Bee Pests and Diseases team.  A dummy variable was created for the 
Black Queen Cell Virus using the same criteria. 
 In order to connect the timing of the samples taken in the NHBDS to the correct crop 
scape, I included the HoneyBeeNet forage data.  This data was incorporated by aggregating the 
montly bloom timing for each flowering plant species, and considering the entire bloom period.  
The timing variables are dummy variables for each crop that interact the timing of the bloom 
period for each crop, with the sample collection date of each observation.  The timing variables 
are described as the acres of  the nectar crops in each buffer zone, if the sample was taken when 
the crop was in bloom.  I also added a lag to this bloom period, 3 months, in order to pick up any 
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effects from the nectar source after the plant has stopped blooming.  The lag period of the bloom 
timing was selected arbitrarily at 3 months, with the idea that it was a long enough period to 
capture any lingering effects.      
I also control for sample collection date and year, as well as location in my model.  The 
month variable was added as a numerical variable (1-12) in order to test for a buildup in disease 
load over time.  The year variable is numerical as well (2011 or 2012) to test if the disease load 
was higher in the second year.          
 
Figure 12: Varroa Variable Transformation 
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Chapter 6: Results 
6.1 Introduction 
The purpose of this paper is to analyze the spatial relationship between honey bee morbidity 
factors and the surrounding landscape.  I take the compiled data that include information from 
the National Honey Bee Disease Survey data, CropScape data, and HoneyBeeNet data, and 
include them in this regression analysis.  I run 5 basic regression models in my analysis for each 
of the 4 selected morbidity factors to test my hypotheses; 
(1) Do increased amounts of natural areas mitigate the incidence and severity of honey bee 
disease? 
(2) Does the presence of (pesticide treated) agricultural field crops increase honey bee 
disease?  
(2a) Do neonicotinoid treated crops have an effect on morbidity relative to other field 
crops? 
  For all of the models (1-5), I exclude the observations from California.  These 
observations were dropped because of a potential sample selection issue.  Many colonies are sent 
to California to pollinate the almond crop each year, and presumably, only the healthiest colonies 
are selected for transport and pollination.  I exclude these observations to avoid any estimation 
bias.  In terms of regression model, for Varroa I run a standard OLS regression. I use a Tobit 
regression model, instead of an OLS model, to estimate the results for Nosema.  The Tobit model 
is more appropriate for this estimation because the Nosema variable contains many 0 
observations (375).  The DWV and BQCV regression analyses are run using a logistic regression 
model.  The logit model is used because the virus variables are dummy variable; 1 if the virus 
was present, and 0 if it was not.  The logit regression measures the relationship between 
categorical dependent variables, in my case binary, and independent variables more accurately 
than an OLS model.    
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6.2 Regression results:  
Model 1 
 I begin my analysis with the regression for Model 1.  The base model was run 4 times, for 
each of the morbidity factors.  The analysis of the base models was performed on the dataset 
with California observations excluded.  Table 7 includes the regression results for this analysis.  
There is not anything significant in both of the virus’ models.  However, we see that for Nosema, 
natural area is positive and significant (0.0505) at the 90% level suggesting an increase in 
Nosema for an increase in natural area.  Specifically, for a 10% increase in the acres of natural 
area, we expect to see a 0.5% increase in Nosema load.   This result is contrary to what I thought 
would be true about natural areas decreasing disease load, however the magnitude of the 
expected increase is not large.  In terms of Varroa, an increase in field crops seems to decrease 
mite loads.  The coefficient on field crops is -0.0326, and is significant at the 99% level.  This 
coefficient means that for a 10% increase in the amount of natural area, the number of mites per 
100 bees decreases by 0.3%.  While this is contrary to the belief that agricultural field crops 
would increase disease loads, the increase in Varroa load is small.  There are also many 
unobservable factors, such as management practices that could be contributing to these results.  
For example, beekeepers who keep colonies that are surrounded heavily by agricultural field 
crops could potentially mitigate for the fact that there may be a decrease in nutrient availability 
by giving their colonies food supplements.  Beekeepers could also treat their colonies more 
aggressively for morbidity factors because they suspect them to be more susceptible to disease.  
The month of sample collection is significant for both Varroa and Nosema, but not for either 
virus in this model.    
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Table 8: Model 1 Base Model 
      
VARIABLES lnmites lnnosema dwv_dummy bqcv_dummy 
          
Natural area -0.000333 0.0505* 0.0997 0.180 
 
(0.0566) (0.0304) (0.184) (0.156) 
Developed land 0.0303 -0.0226 -0.121 -0.100 
 
(0.0287) (0.0170) (0.105) (0.0867) 
Field Crops -0.0326*** -0.00424 -0.0648 -0.0565 
 
(0.0126) (0.00777) (0.0505) (0.0415) 
Month 0.0877*** -0.0543*** 0.0393 0.0847 
 
(0.0195) (0.0117) (0.0729) (0.0628) 
Year 0.0328 0.0288 0.745* 1.881*** 
 
(0.0833) (0.0535) (0.395) (0.346) 
Latitude -0.0131* 0.0264*** 0.0249 0.0889*** 
 
(0.00695) (0.00382) (0.0256) (0.0202) 
Constant -64.68 -58.70 -1,497* -3,786*** 
 (167.6) (107.7) (794.8) (697.4) 
Observations 786 784 723 703 
R-squared 0.055       
Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
  
 
Model 2 
   The regressions results for Model 2 are consistent with the results from Model 1, and are 
outlined in Table 9.  The patterns we see for Varroa holds in this model, the coefficient is 
negative and significant, and the magnitude does not change.  For Nosema, the coefficient is still 
significant, but the value decreases to very close to zero (0.0000167), suggesting no effect of 
natural area on Nosema.  
  
61 
 
Table 9: Model 2 with Timing 
      
VARIABLES lnmites lnnosema dwv_dummy bqcv_dummy 
          
Natural area 7.43e-06 1.67e-05* 1.20e-06 4.73e-05 
 
(1.59e-05) (9.37e-06) (6.27e-05) (4.79e-05) 
Developed land 0.0351 -0.0209 -0.143 -0.103 
 
(0.0293) (0.0172) (0.126) (0.0964) 
Field Crops -0.0300** -0.00326 -0.0759 -0.0572 
 
(0.0135) (0.00793) (0.0558) (0.0414) 
Month 0.0883*** -0.0524*** 0.0424 0.0905 
 
(0.0199) (0.0117) (0.0734) (0.0590) 
Year 0.0361 0.0366 0.752** 1.906*** 
 
(0.0927) (0.0537) (0.366) (0.326) 
Latitude -0.0130** 0.0261*** 0.0239 0.0880*** 
 
(0.00644) (0.00381) (0.0244) (0.0199) 
Constant -71.52 -74.20 -1,511** -3,836*** 
 
(186.6) (108.0) (737.4) (655.7) 
Observations 786 784 723 703 
R-squared 0.056       
Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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 Model 3  
 Model 3 includes acres of corn, soybeans, and cotton as separate variables.  The 
regression was run separately for cotton, while corn and soy were run in the same regression. 
The regression estimation is shown in Table 10.  For Varroa and DWV, soybeans have a positive 
and significant effect, relative to the other field crops.  For Varroa the coefficient of soybeans is 
0.0538 and significant at the 99% level meaning that for a 10% increase in the acres of soybeans, 
Varroa mite loads are expected to increase by 0.5%, relative to the effect from other field crops.  
In this sample, the average buffer zone contains 490 acres of soybeans, which constitutes an 
average of 22% of the fieldcrop acreage.  Therefore, a 10% increase in the acres of soybeans in 
the buffer zone is plausible.  The coefficient on DWV is 0.164 and also significant at the 99% 
level.  Because the virus regressions were run as a logit model, the coefficient estimates 
represent the log of the odds ratio for that particular virus.  In this case, an odds ratio calculated 
based on the DWV coefficient value is 1.1782.  This suggests the odds of having DWV increases 
by 1.18% for a 1% increase in the acres of soybeans, relative to other field crops.  This result 
may suggest that there is something going on with soybeans, that is different from the other field 
crops.  This result may also have to do with beekeeper management practices.   
In terms of Nosema, the coefficient on corn (-0.0327) is negative and significant at the 
99% level, contrary to what would be expected.  The magnitude of this coefficient suggests that 
for a 10% increase in acres of corn, there would be a 0.3% decrease in the Nosema load (in 
millions of spores), relative to the effect from other field crops.  It is known that corn is not a 
healthy pollen source for honey bees, so therefore beekeepers that have colonies located near a 
lot of acres of corn, may supplement their colonies diets with extra feeding proteins.  Beekeepers 
may also manage their colonies more aggressively against disease factors by treating more often.  
Cotton produces coefficients that are negative and significant for all the morbidity factors, except 
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Nosema.  For Varroa, a 10% increase in the acres of cotton, relative to other field crops, suggests 
a 0.4% decrease in mite loads.  For DWV and BQCV, a 1% increase in acres of cotton relative to 
other field crops suggests a 0.79% decrease in the odds of having DWV, and a 0.86% decrease in 
the odds of having BQCV.  This result could also be due to aggressive beekeeper management 
practices that are unobserved in the model. 
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Table 10: Model 3 Neonicotinoid Crops 
      
VARIABLES lnmites lnnosema dwv_dummy bqcv_dummy 
          
Corn 0.0280 -0.0327*** 0.0156 -0.0191 
 
(0.0209) (0.0118) (0.0709) (0.0659) 
Soy 0.0538*** -0.00721 0.164*** -0.0294 
 
(0.0153) (0.00902) (0.0512) (0.0457) 
Natural Area 9.83e-06 1.50e-05 -8.52e-06 4.88e-05 
 
(1.57e-05) (9.27e-06) (6.37e-05) (4.79e-05) 
Developed Land 0.0328 -0.0194 -0.175 -0.100 
 
(0.0290) (0.0170) (0.131) (0.0963) 
Field Crops -0.0986*** 0.0301** -0.234*** -0.0160 
 
(0.0223) (0.0128) (0.0845) (0.0728) 
Month 0.0921*** -.05006*** 0.0605    0.06054 
 
(.01998) (0.011)    (0.7558)      (0.0755)      
Year 0.0658 0.0328    0.8795*    0.87958*    
 
(0.0927) (0.0536) (0.3727)      (0.3727)      
Latitude -.015835** 0.0273*** 0.01614 0.01614    
 
(.00640) (0.00376)      (0.0241)      (0.02419)      
Constant -166.8 -65.09 -1,905** -3,807*** 
 
(186.5) (107.9) (757.9) (662.6) 
Observations 786 784 723 703 
R-squared 0.079       
Cotton -0.0476** 0.0120 -0.229*** -0.148*** 
  (0.0202) (0.0122) (0.0686) (0.0567) 
Natural Area 1.10e-05 1.56e-05* 1.45e-05 5.55e-05 
  (1.59e-05) (9.41e-06) (6.36e-05) (4.83e-05) 
Developed Land 0.0248 -0.0185 -0.205 -0.136 
  (0.0296) (0.0174) (0.129) (0.0980) 
Field Crops -0.0172 -0.00636 -0.00618 -0.0115 
  (0.0145) (0.00852) (0.0600) (0.0448) 
Month 0.0904*** -0.0526*** 0.0572 0.0990* 
  (0.0198) (0.0117) (0.0736) (0.0592) 
Year 0.0432 0.0358 0.796** 1.931*** 
  (0.0925) (0.0536) (0.369) (0.327) 
Latitude -0.0248*** 0.0288*** -0.0470 0.0459* 
  (0.00814) (0.00471) (0.0329) (0.0254) 
Constant -85.17 -72.55 -1,596** -3,885*** 
  (186.2) (107.8) (743.4) (658.3) 
Observations 786 784 723 703 
R-squared 0.062       
Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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Model 4  
 I included region fixed effects in the specification for Model 4.  I ran this regression to 
make sure that the results in the models were not driven by regional variation.  The results of the 
regression are shown in Table 11.  Model 4 does not look very different from the results in Table 
9, suggesting that the results are robust to regional fixed effects. 
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Table 11: Model 4 Region Fixed Effects 
      
VARIABLES lnmites lnnosema dwv_dummy bqcv_dummy 
          
Corn -0.00529 -0.0393*** -0.0192 -0.0617 
 
(0.0259) (0.0136) (0.0815) (0.0723) 
Soy 0.0447** -0.0230** 0.0253 -0.0774 
 
(0.0211) (0.0110) (0.0720) (0.0545) 
Natural Area -4.96e-06 1.09e-05 -2.51e-05 6.03e-05 
 
(1.80e-05) (1.02e-05) (7.72e-05) (5.47e-05) 
Developed Land -0.000813 -0.0269 -0.139 -0.123 
 
(0.0321) (0.0185) (0.114) (0.1000) 
Field Crops -0.0569** 0.0308** -0.136 0.0294 
 
(0.0244) (0.0142) (0.104) (0.0783) 
Month 0.0912*** -0.0440*** 0.176** 0.0612 
 
(0.0209) (0.0123) (0.0851) (0.0643) 
Year 0.0621 0.0484 1.394*** 1.828*** 
 
(0.0955) (0.0594) (0.417) (0.353) 
Latitude -0.0378*** 0.0407*** -0.0966** 0.0777** 
 
(0.0111) (0.00657) (0.0490) (0.0339) 
Constant -122.6 -98.59 -2,797*** -3,679*** 
 
(192.3) (119.6) (839.0) (710.0) 
Observations 786 784 699 703 
R-squared 0.107       
Cotton -0.0274 0.00462 -0.204** -0.132** 
  (0.0209) (0.0130) (0.0798) (0.0635) 
Natural Area -7.00e-06 1.87e-05* -1.82e-05 7.03e-05 
  (1.74e-05) (1.03e-05) (7.73e-05) (5.31e-05) 
Developed Land -0.00935 -0.0146 -0.169 -0.148 
  (0.0314) (0.0186) (0.114) (0.101) 
Field Crops -0.0231 -0.0149 -0.0647 -0.0340 
  (0.0162) (0.00970) (0.0767) (0.0493) 
Month 0.0876*** -0.0478*** 0.171** 0.0598 
  (0.0203) (0.0124) (0.0825) (0.0639) 
Year 0.0349 0.0410 1.287*** 1.745*** 
  (0.0930) (0.0602) (0.420) (0.357) 
Latitude -0.0397*** 0.0390*** -0.145** 0.0418 
  (0.0117) (0.00691) (0.0571) (0.0351) 
Constant -67.69 -83.62 -2,580*** -3,509*** 
  (187.2) (121.3) (844.1) (718.6) 
Observations 786 784 699 703 
R-squared 0.102       
Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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Model 5: Disease Interactions 
 One interesting concept is that disease load is heightened when a colony is faced with 
multiple morbidity factors.  To test for this I ran Model 5 that includes interaction terms for all of 
the morbidity factors.  Interestingly, almost all of the disease interaction terms across the 4 
morbidity factors are statistically significant, except Nosema and BQCV.  The results of this 
analysis (Table 12), suggests that there are significant correlations between each of these 
morbidity factors.  While we can tell there is a relationship here, we cannot speak to causation, or 
which of the morbidity factors is the cause of the change of the other disease loads, but there are 
some notable correlations to discuss. 
 In terms of Varroa, if we see a 10% increase the incidence of DWV, we are expected to 
see a 6.5% increase in Varroa mite load.  When looking at the correlation between DWV and 
Varroa, we observe that a 1% increase in Varroa mite load suggests a 3.14% increase in the odds 
of having DWV.  This data still does not allow us to say anything about causation between the 
morbidity factors, but there is a strong correlation between Varroa and DWV.  
 In terms of Nosema, if we see a 10% increase the incidence of DWV, we are expected to 
see a 1.2% increase in Varroa mite load.  When looking at the correlation between DWV and 
Nosema, we observe that a 1% increase in Nosema spore load suggests a 5.18% increase in the 
odds of having DWV.  Both of the viruses seem to have a strong correlation as well.  In terms of 
BQCV, if we see a 1% increase the incidence of DWV, we are expected to see a 2.92% increase 
in the odds of having BQCV.  In addition, a 1% increase in the incidence of BQCV would 
translate to a 3.14% increase in the odds of having DWV.  Again, causation is not established in 
these results, only the magnitude of the correlations one morbidity factor has on the others.   
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Table 12: Model 5 Disease Interactions 
      
VARIABLES lnmites lnnosema dwv_dummy bqcv_dummy 
          
Varroa 
 
-0.0751*** 1.143*** -0.267** 
  
(0.0234) (0.159) (0.109) 
Nosema -0.310*** 
 
1.646*** 0.0599 
 
(0.107) 
 
(0.537) (0.350) 
DWV 0.649*** 0.121** 
 
1.071*** 
 
(0.0802) (0.0580) 
 
(0.255) 
BQCV -0.162** 0.0182 1.145*** 
 
 
(0.0692) (0.0448) (0.265) 
 Corn 0.0297 -0.0271** -0.0162 -0.00225 
 
(0.0221) (0.0127) (0.0698) (0.0657) 
Soy 0.0297* -0.00847 0.154*** -0.0501 
 
(0.0172) (0.00991) (0.0562) (0.0466) 
Natural Area 2.64e-06 1.06e-05 -2.55e-05 4.78e-05 
 
(1.55e-05) (1.01e-05) (6.81e-05) (4.92e-05) 
Developed Land 0.0247 -0.0270 -0.166 -0.0879 
 
(0.0286) (0.0185) (0.120) (0.0912) 
Field Crops -0.0777*** 0.0255* -0.150* -0.0236 
 
(0.0211) (0.0139) (0.0847) (0.0712) 
Month 0.0729*** -0.0435*** 0.0704 0.106 
 
(0.0195) (0.0130) (0.0776) (0.0652) 
Year 0.0262 0.0252 0.712* 1.868*** 
 
(0.0881) (0.0600) (0.427) (0.358) 
Latitude -0.00969 0.0259*** 0.00133 0.0925*** 
 
(0.00697) (0.00416) (0.0264) (0.0230) 
Constant -51.78 -51.27 -1,431* -3,761*** 
 
(177.3) (120.7) (859.2) (721.2) 
Observations 694 694 694 694 
R-squared 0.152       
Varroa   -0.0807*** 1.162*** -0.287*** 
    (0.0234) (0.159) (0.110) 
Nosema -0.342***   1.623*** 0.168 
  (0.108)   (0.538) (0.352) 
DWV 0.668*** 0.121**   0.954*** 
  (0.0803) (0.0583)   (0.259) 
BQCV -0.175** 0.0264 1.033***   
  (0.0696) (0.0453) (0.272)   
Cotton -0.0256 0.0182 -0.181** -0.148** 
  (0.0205) (0.0134) (0.0832) (0.0629) 
Natural Area 4.10e-06 9.93e-06 -1.38e-05 5.48e-05 
  (1.54e-05) (1.03e-05) (6.66e-05) (4.88e-05) 
Developed Land 0.0208 -0.0241 -0.207* -0.119 
  (0.0284) (0.0188) (0.118) (0.0926) 
Field Crops -0.0207 -0.00928 0.0253 -0.0249 
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Table 12: Continued 
  (0.0141) (0.00917) (0.0644) (0.0458) 
Month 0.0713*** -0.0459*** 0.0379 0.128** 
  (0.0190) (0.0129) (0.0704) (0.0653) 
Year 0.00984 0.0249 0.577 1.931*** 
  (0.0861) (0.0597) (0.400) (0.361) 
Latitude -0.0148* 0.0300*** -0.0481 0.0463* 
  (0.00896) (0.00514) (0.0377) (0.0279) 
Constant -18.71 -50.73 -1,158 -3,885*** 
  (173.2) (120.1) (805.2) (726.2) 
Observations 694 694 694 694 
R-squared 0.144       
Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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6.3 Spatial Analysis 
 The OLS regression models do not take into consideration any spatial autocorrelation 
between the observations.  While it is not clear whether or not an apiaries proximity to a diseased 
colony makes it more susceptible to disease or not, it was important that I explore this possibility 
in my data set.  I run two models to test for spatial autocorrelation, a spatial error model and a 
spatial lag model.  The spatial error model assumes that there is some unobserved factor that 
affects disease and is correlated spatially, while the spatial lag model does assume that the 
disease outcome of one colony affects the disease outcome of its neighbors.     
To begin, I create a spatial weights matrix for each of the morbidity factors.  I then 
calculate a Moran’s I statistic for each of the 4 morbidity factors as well.  A Moran’s I statistic 
close to zero indicates a random spatial pattern, no spatial autocorrelation.  A value of -1 
indicates perfect dispersion and a value of +1 indicates perfect correlation.  In my data, I see 
some indication that all of the morbidity factors may have spatial autocorrelation.  It is very clear 
for both viruses that there is some spatial correlation in the data, however these coefficients 
cannot be compared directly because both of the virus factors are dummy variables and the 
others are continuous variables.  All 4 of the Moran’s I statistics are positive and significant; 
however, both of the viruses have coefficients close to +1.  This may suggest that virus load is 
somewhat contagious or passed between apiaries easily.  These coefficients indicate that there 
may be some clustering in the distribution of the colonies that is not random.  Table 13 shows the 
results of this analysis. 
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Table 13: Moran's Test 
Morbidity Factor Moran’s I Stat 
Varroa      0.168***     
Nosema      0.128***      
DWV      0.911***     
BQCV      0.892***     
  
 I run spatial error and spatial lag regressions, for the base model, for all of the morbidity 
factors to correct for any spatial autocorrelation that may be present.  The results of these 4 
regressions are presented in Table 14 for Varroa, Table 15 for Nosema, Table 16, for DWV and 
Table 17 for BQCV.  The Lambda coefficients are all statistically significant in the spatial error 
models, suggesting that there is spatial autocorrelation in each of the morbidity factors.  In this 
spatial error model, the autocorrelation is influenced by some unobserved factor or omitted 
variable in the specification, like weather or elevation, and it is not explained directly by the 
disease outcomes.  This spatial autocorrelation could also be coincidental.  The Rho coefficients 
are also all statistically significant across the 4 morbidity factors for the spatial lag model.  The 
Rho term reflects the spatial dependence inherent in the sample data.  It measures the average 
influence on observations by their neighboring observations. This suggests that the disease 
outcome of one colony may affect the disease outcome of its neighbors.  This could be because 
the disease factors are transmittable, or because colonies located close together are managed in 
the same way or by the same person, resulting in similar morbidity rates.     
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Table 14: Spatial Results-Varroa 
   Base Model Spatial Error Spatial Lag 
VARIABLES lnmites lnmites lnmites 
        
Natural area -0.000333 -0.02237 -0.01548 
 
(0.0566) (0.0524) (0.0513) 
Developed land 0.0303 0.01474 0.0199 
 
(0.0287) (0.02947) (0.0286) 
Field Crops -0.0326*** -0.03704*** -0.0323** 
 
(0.0126) (0.01407) (0.0130) 
Month 0.0877*** 0.01509*** 0.0794*** 
 (0.0195) (0.0000) (0.0140) 
Latitude -0.0131* -0.0124* -0.0111* 
 (0.00695) (0.00382) (0.0063) 
Lambda/Rho --- 0.18739*** 0.16722*** 
 
 
 
 
Constant -64.68 1.5217**   1.1969* 
 (167.6) (0.64983) (0.6216) 
Observations 786 786 786 
R-squared 0.055     
Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
 
 
 
Table 15: Spatial Results-Nosema 
  Base Model Spatial Error Spatial Lag 
VARIABLES lnnosema lnnosema lnnosema 
        
Natural area 0.0505* 0.02607 0.0262 
 
(0.0304) (0.0182) (0.0179) 
Developed land -0.0226 -0.0192* -0.0189* 
 
(0.0170) (0.0102) (0.0100) 
Field Crops -0.00424 -0.0041 -0.0036 
 
(0.00777) (0.0048) (0.0045) 
Month -0.0543*** -0.0370*** -0.00355*** 
 
(0.0117) (0.0051) (0.0045) 
Latitude 0.0264*** 0.0148*** 0.0131*** 
 (0.00382) (0.0024) (0.0022) 
Constant -58.70 -0.1746 -0.1509 
 (107.7) (0.2239) (0.2166) 
Lambda/Rho --- 0.1171** 0.1225** 
    
Observations 784 784 784 
R-squared       
Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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Table 16: Spatial Results-DWV 
  Base Model Spatial Error Spatial Lag 
VARIABLES dwv_dummy dwv_dummy dwv_dummy 
        
Natural area 0.0997 0.0163 0.0163 
 
(0.184) (0.0222) (0.0216) 
Developed land -0.121 -0.0126 -0.0104 
 
(0.105) (0.0125) (0.0121) 
Field Crops -0.0648 -0.00645 -0.0054 
 
(0.0505) (0.0055) (0.0054) 
Month 0.0393 -0.0077 -0.0068 
 
(0.0729) (0.006 ) (0.0057) 
Latitude 0.0249 0.0039 0.0030 
 
(0.0256) (0.0063) (0.0026) 
Constant -1,497* 0.7529*** 0.5940** 
 (794.8) (0.2741) (0.2630) 
Lambda/Rho  0.1991*** 0.1928*** 
    
Observations 723 723 723 
R-squared 
 
    
Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
 
 
Table 17:Spatial Results-BQCV 
  Base Model Spatial Error Spatial Lag 
VARIABLES bqcv_dummy bqcv_dummy bqcv_dummy 
        
Natural area 0.180 0.0451 0.0407 
 
(0.156) (0.0294) (0.0288) 
Developed land -0.100 -0.0098 -0.0102 
 
(0.0867) (0.0163) (0.0159) 
Field Crops -0.0565 -0.0063 -0.0076 
 
(0.0415) (0.0076) (0.0072) 
Month 0.0847 -0.0330*** -0.0303*** 
 
(0.0628) (0.0082) (0.0076) 
Latitude 0.0889*** 0.0172*** 0.0154*** 
 
(0.0202) (0.0041) (0.0076) 
Constant -3,786*** 0.0166 -0.0113*** 
 (697.4) (0.3609) (0.3455) 
Lambda/Rho  0.1720*** 0.1728*** 
    
Observations 703 703 703 
      
Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1  
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Chapter 7: Conclusions 
 There are a few notable conclusions from the analysis in this thesis.  Natural areas do not 
seem to have a strong or significant impact on honey bee morbidity factors.  While it is generally 
accepted by beekeepers that an abundance of natural area is positive for honey bee health, I do 
not observe evidence of this in the results of my analysis.  The lack of significant results in my 
paper could be due to many unobservable factors including crop diversity or pollen nutrition.  I 
was unable to observe the quality of the pollen sources in these natural areas, as well as the 
biological diversity of the flowering crops in each of the buffer zones.   
It is also a generally accepted notion in beekeeping that an abundance of agricultural field 
crops is not considered ideal for honey bee health.  However, in my analysis, agricultural land 
does not have a consistent negative impact on disease load; in fact, the coefficient estimates on 
agricultural field crops are mostly negative.  This means that there is some negative correlation 
between acres of agricultural field crops and morbidity factors.  This result could also be the 
product of many unobservable variables in the data.  I was not able to observe any type of 
beekeeper management practices.  Beekeepers that place their colonies near agricultural fields 
may treat for parasites and diseases more vigorously or supplement their colonies diet with 
nutritional supplements.  Possibly because of these more aggressive management characteristics, 
honey bee health in my data set may not have been negatively impacted by proximity to 
agricultural field crops.  One of the agricultural crops that were consistently statistically 
significant in the regression analysis was acres of soybeans.  The acres of soybeans in each 
buffer zone may be correlated with Varroa mite loads and Deformed Wing Virus, even when 
controlling for correlations between morbidity factors.  For example, from the data it can also be 
concluded that Varroa and DWV have a positive relationship, and all of the disease interactions 
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in the analysis are significant, (except BQCV and Nosema) suggesting that morbidity factors are 
highly correlated.  One interesting conclusion of the disease interaction model analysis is that the 
magnitudes of the correlations are much higher for the interaction of diseases than they are for 
the magnitudes of the correlations between morbidity factors and environmental factors.  This 
could suggest that more research needs to be conducted to study disease interactions in honey 
bee colonies more in the future.  I also find evidence of spatial autocorrelation that needs to be 
corrected for in the model, and I run spatial error and spatial lag regressions models for each of 
the morbidity factors.  The Lambda and Rho coefficients for all of the spatial lag and spatial 
error models are significant, suggesting that disease outcomes in colony observations may be 
correlated with the disease outcomes of its neighboring colonies.  
7.1 Limitations and Future Research 
 The conclusions of this paper must be taken with the consideration of the limitations in 
this research.  There may be a significant amount of variation due to weather that is not 
accurately captured for with the latitude control, and future work should integrate precise and 
detailed weather information to capture this in the model.  Beekeeper management practices are 
also one of the known unobservable variables in the data set, and information on these practices 
would help to inform the conclusions for this paper.  Future work should try to incorporate some 
measure of beekeeper management in order to account for these variations across apiary 
observations.  The models in this paper would also benefit from the collection of more 
information on the practices of migratory beekeepers, and including this information as a 
variable in the analysis.  Migratory beekeepers have different management practices that affect 
both the health and location of honey bee colonies, and this will be an important addition to the 
model.  This paper also does not include the timing of pesticide applications for the major 
agricultural field crops.  Connecting this information with the sample collection dates would also 
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be helpful in identifying changes in morbidity measures.  Another task for future work would be 
to test the robustness of the results for different threshold levels of Varroa and Nosema.  These 
morbidity factors may not be damaging to colonies at low levels, and it would be interesting to 
test that in the data set.  The robustness of the results could also be checked using different 
treatment radii (1, 4, or 7 miles) for the buffer zones in the analysis.  Another potential 
robustness check could take into account the selection of the bloom timing lag.  A more 
appropriate lag period could be selected by taking into account the biology of how nectar flows 
directly affect honey bee health.  A bloom lag of 1 month or 2 month may be more appropriate.     
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